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Editorial on the Research Topic 
Green innovation and industrial ecosystem reconstruction in achieving environmental sustainability



After the Paris Agreement, all countries are actively promoting green development and low-carbon transformation. The industrial development is now facing profound adjustment and ecosystem reconstruction. In this context, green innovation plays an increasingly important role in industrial low-carbon transformation, ecosystem reconstruction and environmental sustainable development. China is moving towards ecological civilization, as different countries have experienced similar experiences before. For example, developed countries such as the United States, Europe and Japan, as manufacturing powers or regions, have achieved or are achieving carbon peak and are on the way to carbon neutrality. At present, more than 140 countries or regions around the world have committed to achieving the goal of carbon neutrality. In view of the realization mechanism, path and impact of carbon neutrality, many scholars have made in-depth exploration from a series of perspectives such as technological emission reduction and policy promotion. Here, we launched a virtual Research Topic (VSI) to address key issues under the theme of green innovation and industrial ecosystem reconstruction, with 33 of research articles selected, covering industrial carbon emissions, green finance, and effect of industrial spatial co-agglomeration on green economic efficiency, and environmental policies for green innovation in China and the entire world.
The transition to a low-carbon system is imminent under the constraints of carbon-neutral targets. Carbon emissions are the primary concern in achieving environmental sustainability and carbon neutrality. Zhang X. et al. provided a two-stage method for forecasting China’s annual carbon emissions. Another two research articles highlight the reduction of energy industrial pollutants and carbon emissions. One research focuses on the potential for coal-related carbon emissions reduction over the past decades. The paper explored the conflict formation mechanism among coal enterprises, downstream coal-fired power plants, and government in the process of strategic energy decarbonization transformation from the perspective of industrial chain (Fang and Xu). The other one find China’s electricity consumption efficiency has improved significantly since the 12th Five-Year Plan, supported by different robustness tests. The mechanism analysis finds that green technology innovation positively affects energy efficiency but is not the best option for cities with many listed companies. Cities with many listed companies can achieve energy savings by adjusting their industrial structure (Pu et al.).
As other sources of anthropogenic CO2 emissions, low-carbon tourism reflects the degree of environmental concern in the tourism industry and is also the foundation of green, sustainable, and ecological tourism. The transformation of the tourism industry, known as the sunrise industry, to a low-carbon pattern contributes to the sustainable development of tourism cities (Mao et al.). Another study examines the effect of green human resource management (GHRM) on the environmental performance of hotels industry. It also investigates the crucial role of pro-environmental psychological capital, psychological green climate, and pro-environmental behaviors to enhance the environmental performance (Nisar et al.). It is found that for resource-based cities, the economic growth mainly relies on the development of the secondary industry, which is primarily dependent on local natural resources. The empirical results show that the regional industrial structure has a significant negative impact on the cities’ ecological resilience, and the regional industrial structure has a significant positive effect on their environmental pressure (Chen and Wang). The high-tech industry plays a crucial role in reducing carbon emission and achieving green economic development. One research uses Meta-Frontier data envelopment analysis to measure the innovation efficiency level of the high-tech industry, compares the difference in this industry’s innovation efficiency under the regional Frontier and common Frontier, and inspects the convergence condition of its innovation efficiency in the three major areas of eastern, central, and western China (Zou et al.).
With rapid urbanization and rising living standards, the household sector has become the second largest contributor to urban carbon emissions and important pathway to achieve China’s carbon reduction targets. One paper explores the emission reduction paths of urban households. It is found that rich households tend to increase their use of clean energy (Li et al.). With the development of the economy and society, environmental pollution and resource waste problems are emerging, especially in agricultural production, and the adoption of ecological agricultural technologies is a prerequisite to alleviate ecological pressure (Dong et al.). Improving resource use efficiency is an effective way to accelerate the realization of carbon emission peak and carbon neutrality, one study adopted the entropy weight TOPSIS method and performed a thorough analysis of the temporal and spatial Research Topic in Zhejiang’s agricultural sustainable development (Fu et al.). Facing increasingly serious resource and environmental constraints, the adoption of green technology has become the key to driving the green production transformation of farmers under the constraints of environmental regulation (Lu et al.). Improving farmers’ green production behavior can guarantee food safety at the source. One study aimed to find targeted policy recommendations according to different spatial aggregations of non-green production behavior (Yu et al.). The highly intensive use of pesticide is a big threat to environmental sustainability in China. Another study explains the increase of rice pesticide use in China’s rapid urbanization process from the perspective of changes in the delay of pest control (Fang et al.).
Economic Development Zones have been proven to be an economic success and have been pursued by many governments around the world over the past several decades. One paper exploits the relationship between the foundation of EDZs and firms’ pollution emissions with a multi-period differences-in-differences model. They find that the establishment of EDZs can improve firm environmental performance by improving energy efficiency, optimizing the business environment, and upgrading technology (Wei et al.). The development of the regional economy is of major concern against the backdrop of the “new normal.” As a problem that has persisted in China for decades, zombie firms have a negative impact on regional and industrial sustainable development. Despite the low level of zombification of industrial enterprises in the Yangtze River Delta Urban Agglomeration, the results of the study indicate that it has a considerable negative influence on enterprise investment. The carbon intensity effect and the competitive weakening effect are also examined as two impact mechanisms (Wang H. et al.). Another paper proposes a dynamic industrial transfer index to characterize the spatial matchability of factor mobility and industrial transfer, and then explores the correlation between factor mobility, industrial transfer and industrial carbon emission intensity (Zheng et al.). The spatial relationship between high-tech industrial agglomeration and urban ecological efficiency has been a widespread concern. One study empirically analyzed the bidirectional influence relationship between high-tech industrial agglomeration and urban ecological efficiency and its spatial spillover effect by constructing a spatial simultaneous equation model, and based on the classification of urban resource endowment (Wang M. et al.). Another 2 studies analyzed the spatiotemporal differences and spatial effect of green economic efficiency in China’s regional economies (Jiang et al., Wang K.-L. et al.).
In the context of international path to industrialization advancement, environmental problems are becoming increasingly serious. Therefore, the cultivation of green technology innovation has become an urgent task during the current industrialization development (Chen et al.). To alleviate climate change and environmental issues, China has implemented many environmental regulation policies. Government policy is an effective strategy to encourage green innovation, but the effect of industrial policy on enterprise green innovation remains under-explored, and also little is known about how environmental policies affect enterprise energy utilization efficiency and green innovation. One paper takes the SO2 and carbon emission trading pilots (SETP, CETP) in China as the quasi-experiment and studies whether the market-based environmental regulation (MER) policy promotes green technology innovation (Qu et al.). Using China’s listed manufacturing enterprises data from 2010 to 2020, another study employs Made in China 2025 as a quasi-natural experiment as well as the DID method to explore the effect and mechanism of industrial policies on green innovation (Xu). Based on Porter’s effectuation and deterrence theory, environmental regulation is an important driving force for green technology innovation. Another paper finds that an incentive environmental protection policy and punitive environmental protection policy have different impact mechanisms on enterprise green innovation and energy utilization efficiency (Wang Y. et al.). Another article investigates how talent policies affect corporate green technological innovation based on signaling theory and principal-agent theory (Zhang Y.-B. et al.).
Historically, most carbon emissions come from developed countries, but the developing countries and emerging countries are affected. At present, developed countries lack a unified and coordinated willingness to act and efforts, because their efforts alone can neither save the earth nor save the disaster caused by global warming. As developed countries have emitted carbon in the past, but now the carbon emissions have exceeded the critical value, developing countries are faced with the pressure to reduce carbon emissions, and these problems need the coordination of countries. Therefore, these developed countries should recognize and deal with this urgent problem. In recent years, global green development has entered a new stage with profound changes in development conditions. Progress in development has put forward higher requirements for the safe and stable operation of the financial and economic environment. One research article used data from 1980 to 2019 to examine the relationship between financial annexation, financial development, green innovation, and CO2 emissions in China (Sun et al.). One paper predicts the default probability of the scale of green bond debt that should be repaid by municipal governments in Shandong Province (Wang C. et al.). By optimizing enterprises’ capital structure, the deleveraging policy has a close relationship with green innovation. Utilizing the panel data of listed manufacturing enterprises in China from 2010 to 2019, one paper confirms that the deleveraging policy can play a positive role in improving enterprise green innovation (Shen and He).
Achieving high-quality economic development is a crucial feature of world new development stage. As an environmental regulation tool by implementing a differentiated credit policy, green credit is an inevitable choice to achieve high-quality economic development (Zhang R. et al.). By extracting the financial information of environmental protection investment from the social responsibility reports of listed companies and analyzing the current status of target investment in the automobile manufacturing industry, another research shows that the current environmental protection investment in the automobile manufacturing industry is not strong and the government needs to increase supervision (Liang and Yao). In the carbon neutrality strategy, facilitating the green innovation of enterprises and promoting industrial upgradation have become a key issue. One research explores the relationship between the financial ecological environment, financing constraints, and green innovation of manufacturing enterprises based on endogenous growth and stakeholder theories (Zhao and Wang).
Green innovation has become a critical measure to address the sustainable development challenges of manufacturing industries, and research has largely neglected the important role of managers as decision-makers within firms. Using a sample of China’s listed manufacturing firms from 2009 to 2019, one study explores the impact of market competition and financialization on corporate green innovation and examines the moderating effect of market competition (Guo et al.). Using the representative samples of several futures contracts covering different listing periods, another paper conclude a significant and gradual change of the relations between the Shanghai crude oil futures market and international benchmarks, from unidirectional Granger causality to bidirectional Granger causality (Wang H. et al.). To develop green finance and ensure the goal of carbon peaking and carbon neutrality, China set up the pilot zones for green finance reform and innovation in 2017. One paper empirically tested the policy effect of the pilot zones with data from 2010 to 2019 for prefecture-level cities in China. The study shows that the pilot zones have induced an effect on regional green technology innovation, reflected in the application and acquisition of both green invention patents and green utility patents, and the promotion effect is better for green utility patents than green invention patents, which is supported by the robustness test using PSM-DID (Muganyi et al., 2021; Zhang C. et al.).
Carbon emissions and environmental pollution are a global problem, which cannot be solved by the efforts of any alone. Countries need to consult together to promote green innovation, and then work together to solve this problem, so as to achieve sustainable development. It is imperative to strengthen the construction of the global green innovation platform, especially to improve the level of global low-carbon governance and cooperation. We hope these articles may contribute to developing new roadmaps and strategies for green innovation and providing valuable references in the industrial ecosystem reconstruction and policy optimization in China and worldwide. Taking the present VSI as a starting point, we look forward to more publications on exciting breakthroughs and practical experiences of green innovation and industrial ecosystem reconstruction in achieving environmental sustainability.
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This paper proposes a dynamic industrial transfer index for the first time to characterize the spatial matchability of factor mobility and industrial transfer, and then explores the correlation between factor mobility, industrial transfer and industrial carbon emission intensity by using panel data from 30 provinces in China during 2004–2019. The results show that China’s ability to reduce carbon emissions is improving, and the intensity of industrial carbon emission has dropped by 44.84%. In addition, there is an obvious spatial mismatch between factor mobility and industrial transfer. Specifically, production factors generally flow from high-carbon emission intensity areas to low-carbon emission intensity areas, while the direction of industrial transfer is generally opposite to that of factor mobility. And the empirical analysis finds that the interaction between factor mobility and industrial transfer will affect the carbon reduction. If the direction of capital mobility is the same as that of capital-intensive industries, it is unfavorable to the carbon emission reduction. While the carbon reduction effect will be enhanced if the directions of labor and technology mobility are consistent with those of labor-intensive and technology-intensive industrial transfer, respectively. Finally, based on the findings, some recommendations are provided for governments to formulate policies.
Keywords: factor mobility, industrial transfer, carbon emission intensity, dynamic industrial transfer index, spatial matchability
INTRODUCTION
The greenhouse effect is a common challenge for human society (Anwar et al., 2020), and CO2 accounts for the largest proportion among the six greenhouse gas (GHG) emissions. In 2010, global CO2 emissions accounted for 76% of global GHG emissions (IPCC, 2014). Since then, global GHG emissions have increased by an average of 1.4% per year, and the total GHG emissions (including those from land-use activities) reached a record 59.1 billion tons of CO2 equivalent (GtCO2e) in 2019 (UNEP, 2020). Therefore, reducing CO2 emissions has become an important goal of global environmental policy. As the second largest economy and the largest emitter of CO2 in the world (Ma et al., 2019), China is taking active measures to reduce CO2 emissions by adjusting its energy structure and upgrading its industrial structure, and proposing a series of carbon emission reduction goals. In 2015, China put forward the “China’s 2030 Emission Reduction Plan to Address Climate Change,” and planned to decrease CO2 emissions per unit of GDP by 60–65% compared to 2005. On 29 October 2020, the “Recommendations of the Central Committee of the Communist Party of China on Formulating the 14th Five-Year Plan for National Economic and Social Development and Long-term Goals for 2030” proposed that it is necessary to formulate an action plan to reach the peak of carbon emissions by 2030 and become carbon neutral by 2060. Then on 12 December 2020, at the Climate Ambition Summit, Chinese President Xi Jinping proposed a new goal of reducing CO2 emissions per unit of GDP by more than 65% by 2030 compared to 2005, which will further increase the autonomous contribution of China.
With the introduction of China’s carbon emission reduction goal, carbon emission reduction has become one of the key issues facing China’s economic and social development and industrial restructuring in the future. As an important economic pillar, rapid industrialization has led to an increase in energy consumption and CO2 emissions in the industrial sector, which contributes 85% of CO2 emissions in China (Li et al., 2019). Therefore, reducing industrial carbon emissions has become an important task for the sustainable development of industrial economy. In addition, compared with the post-industrialization of developed countries, China is still in the stage of rapid industrialization (Jia et al., 2020). There are obvious differences in industrial structures and development stages between areas in China, which will lead to uneven distribution of carbon emissions and carbon reduction capabilities. Therefore, industrial transfer will inevitably cause changes in the spatial structure of carbon emissions.
Besides, the spatial allocation of production factors is closely related to the spatial layout of industrial structure. Production factors are important basis for economic and social development, and their utilization and distribution are crucial to the realization of carbon emission reduction goals. Generally speaking, if production factors flow freely, they will tend to flow to areas with high returns under the guidance of regional resource endowment differences and market laws (Chen et al., 2021), which is also the basic feature of the factor mobility in China. For a long time, the major production factors in China, such as labor and capital, have been concentrated in the eastern coastal areas, however, the manufacturing industry has shown a trend of transferring from the southeastern coast areas to the inland areas (Sun et al., 2018), which is contrary to the direction of the factor mobility. Generally, industrial transfer may lead to changes in regional industrial structure and factor demand structure, while the changes in factor supply structure lag behind the changes in the demand structure. Therefore, the mismatch between factor mobility and industrial transfer will act on the spatial pattern of carbon emissions. As China is simultaneously promoting factor market allocation reform, industrial restructuring and carbon emission reduction, the interaction between factor mobility, industrial transfer and carbon emission reduction is related to the realization of policy goals. Therefore, exploring the impact of the interaction of factor mobility and industrial transfer on carbon emission reduction from the perspective of spatial matchability is crucial to the policy coordination of factor allocation, industrial transformation and low-carbon development. In addition, the case study of China can also provide a reference for other developing countries to solve the problem of reducing emissions from industrial restructuring.
The main contributions of this paper are as follows: First, we improve the industrial transfer index (Sun et al., 2018) into a dynamic industrial transfer index, and measures the dynamic transfer trends of labor-intensive, capital-intensive, and technology-intensive industries in China from 2004 to 2019 by using sub-sectors data. Second, some articles point out that the factor mobility does not match the industrial transfer in China (Wang, 2021), on this basis, we further use regional data to carve out and visualize the distribution characteristics of the spatial mismatch. Third, we explore the heterogeneous impact of different types of factor mobility and industrial transfer on industrial carbon emission intensity from the spatial matchability of factor mobility and industrial transfer, and analyze the heterogeneous impact of spatial matchability on carbon emissions under different carbon emission intensities. Finally, we put forward some recommendations to promote carbon emission reduction from the perspective of factor mobility and industrial transfer.
This paper is organized as follows: Literature Review and Research Hypothesis introduces the relevant literatures and research hypotheses. Method and Data describes the data and main methods. Description of Objective Facts describes the characteristic facts of factor mobility, industrial transfer and industrial carbon emissions. Results and Discussions is the empirical results, and Conclusion and Policy Recommendations is conclusions and policy recommendations.
LITERATURE REVIEW AND RESEARCH HYPOTHESIS
Literature Review
Recent years, factor mobility, industrial transfer and carbon emission intensity have been the research hotspots in academia. The studies on the relationship between factor mobility and economic activities can generally be divided into two categories. On the one hand, some studies discuss the relationship of factor mobility on economic activities from a single factor, such as the impact of capital mobility on energy consumption (Qamruzzaman and Wei, 2020), the impact of technology mobility on innovation efficiency (Yu et al., 2019), and the relationship between labor mobility and economic growth (Alonso-Carrera and Raurich, 2018). On the other hand, there are also some studies focusing on the effects of factor mobility on the economic growth and regional coordination. Zhang and Wu (2019) point out that factor mobility not only promotes factor gains in inflowing areas, but also increases factor gains in outflowing areas. However, Li et al. (2020) take the opposite view and argue that there is heterogeneity in the role of factor mobility on regional equilibrium development, that is, capital and technology mobility can promote regional equilibrium development while labor mobility will lead to the expansion of the gap in regional economic development.
Over the years, scholars have never stopped paying attention to industrial transfer. The measurement of industrial transfer (Wang et al., 2021), industrial transfer efficiency (Luo and Dai, 2019), economic effects and environmental effects of industrial transfer (Liu et al., 2020) have received extensive attention. At the same time, the relationship between factor mobility and industrial transfer is also frequently discussed, which mainly includes the following views: First, the combined effect of mobile labor, capital and technology is the main driving force to promote industrial transfer (Zhai, 2016). Second, industrial transfer can play the “reservoir effect” to promote factor mobility (Chen and Chen, 2007). In summary, the existing studies show that there is a close connection between factor mobility and industrial transfer, so it is necessary to discuss them within the same framework.
Under the goal of global carbon reduction, carbon emissions have gradually become one of the focal topics in academia. The accounting for carbon emissions (Kabir et al., 2021; Zhao et al., 2021), spatial layout of carbon emissions (Chen et al., 2021), carbon emission forecast (Gao et al., 2021), the carbon reduction effect of carbon tax (Liu et al., 2021), economic impact (Peng et al., 2021) and policy effects of carbon emissions (Xu, 2021; Wakiyama and Zusman, 2021) have received extensive attention. In addition, there are also some studies exploring the relationship between industrial transfer and carbon emissions. Li et al. (2021) analyze the relationship between industrial transfer and carbon emissions from the perspective of industrial chains, and identify the industrial paths that affects carbon emissions in China. Since energy consumption is the main source of carbon emissions (Rauf et al., 2020), and industrial transfer can change the spatial distribution of energy intensity by influencing the regional industrial structure (Zhao and Lu, 2019), industrial transfer not only promotes economic development, but also has a certain negative impact on the environment. In addition, Chinese industries, especially industrial industries, are gradually transferring from the coast to the mainland, which is also accompanied by carbon transfer (Wang et al., 2021). Due to industrial transfer or the movement of intermediate goods and services between industries, carbon emissions in some areas will be transferred to other areas, which will lead to hidden carbon emissions (Zheng, 2021). From the above studies, we can see that industrial transfer is closely related to carbon emissions.
In summary, scholars have conducted extensive research on the impact of factor flow, industrial transfer and carbon emission intensity on economic development. Although these studies basically argue that carbon emission transfer will be accompanied by industrial transfer, and the spatial matchability of factor mobility and industrial transfer will hinder the process of industrial transfer, but the relationship between factor mobility, industrial transfer and carbon emission has not been fully explained. Therefore, we think that there are still several aspects need to be made up, so we carried out the following main works. First, we propose an improved dynamic industrial transfer index and characterize the spatial layouts and dynamic characteristics of interregional industrial transfer in China from 2004 to 2019 by using industrial data. Second, we compare the spatial matchability of factor mobility and industrial transfer, discuss the impact of factor mobility and industrial transfer on industrial carbon emission intensity from the perspective of spatial matchability, and then analyze the heterogeneity of this impact under different carbon emission intensities using quantile regression. Third, some policy recommendations are put forward to provide decision-making reference for improving the carbon emission reduction effect of industrial transfer and achieving the goal of “Carbon Peak and Carbon Neutrality”.
Research Hypothesis
Industrial activities are one of the main sources of CO2 emissions (Li et al., 2019). There is significant heterogeneity in the carbon emission intensity of different industrial sectors due to differences in energy consumption structures. Among them, the industrial sectors using fossil energy such as coal, coke or oil and other energy-intensive sectors have higher carbon emission intensity. In addition, due to regional differences in technology endowment, scale effect, and environmental regulation intensity, the emission reduction capacity of different areas is not consistent, so the adjustments of industrial layout and changes in industrial structure may lead to adjustments and changes in carbon emissions (Yan and Yang, 2010). In general, the transfer of capital-intensive industries implies an increase in energy consumption, and a corresponding potential increase in carbon emission intensity (Zhao et al., 2020). While the transfer of technology-intensive industries may lead to an increase of regional technology level and a decrease of carbon emission intensity (Chen et al., 2020). In addition, technology-intensive and labor-intensive industries have lower carbon emission intensity compared to capital-intensive industries (Fu et al., 2021a). In other words, the impacts of different types of industrial transfer on carbon emissions may be heterogeneous. Accordingly, we propose the first research hypothesis of this paper.
H1: There is heterogeneity in the impact of different types of industrial transfers on industrial carbon emission intensity.
Production factors are the important basis of industrial activities, so the mobility and allocation of factors play a crucial role in industrial activities and will also have an impact on industrial carbon emissions accordingly. With the acceleration of economic system reform and marketization, the administrative barriers to resource allocation have gradually been broken. Based on the factor endowment theory, the quantitative and qualitative differences in production factors between different areas constitute an objective basis for factor mobility (Zhang, 2016). Due to the differences in economic development levels and industrial returns, the profit-seeking nature of production factors tends to make them cluster in areas or industries with higher marginal rewards (Zhao and Xu, 2020). However, the total amounts of production factors in economic activities, such as labor and capital, are limited. And factor mobility inevitably leads to the redistribution of production factors among areas and industries, which ultimately affects the layout and structure of industrial production. In addition, China’s factor markets have serious institutional barriers and low levels of factor market allocation (Lu and Wang, 2021), and industrial transfer is not always dominated by the market behavior of spontaneous factor mobility, government regulation is also one of the important factors leading to industrial transfer (Zhang et al., 2019). Therefore, the dual role of government and market may lead to serious misalignment problems between factor mobility and industrial transfer, which in turn will affect factor productivity and industrial carbon emissions. Besides, according to the theory of industrial gradient transfer, developed areas with high factor abundance have stronger incentives to transform and upgrade their industries, thereby prompting industries that have lost comparative advantages or with high energy consumption and high pollution to transfer to developing areas, where they may still have comparative advantages. So industrial transfer can be used to achieve industrial progress in developed areas and industrial upgrading in developing areas (Sun and Hou, 2021). From this perspective, the process of industrial transfer will be accompanied by the spatial transfer of demand for production factors. Due to the imperfect market mechanism or information asymmetry, the flow direction of labor, capital and other production factors often cannot change in time with the direction of industrial transfer, which will lead to the problem of mismatch between factor mobility and industrial transfer and the imbalance between the supply and demand of factors. In turn, the imbalance between supply and demand of production factors will affect the process of industrial transfer. When the direction of factor mobility does not match that of industrial transfer, the contradiction between factor mobility, industrial transfer and carbon emission reduction will be strengthened. Therefore, we propose the second research hypothesis of this paper. Figure 1 shows the theoretical analysis framework of this paper.
[image: Figure 1]FIGURE 1 | Theoretical analysis framework.
H2: The matchability of factor mobility and industrial transfer will affect the carbon emission reduction effect of industrial transfer.
METHOD AND DATA
Estimation of Factor Mobility
According to the Cobb-Douglas production function, technology, labor, and capital are the main factors that determine the level of industrial development. Therefore, in this paper, we mainly focus on the impact of labor, capital, and technology mobility on carbon emissions.
Labor mobility (lf)
China conducts a population census as well as migrants statistics every 10 years, and conducts a migrant population dynamic survey (CMDS) every year, but the coverage of the dynamic survey is small, with a sample size of about 200,000 households, which only accounts for about 0.04% of China’s total population. In other words, there is no continuous official data on labor mobility that covers the whole country in China. Considering the lack of official statistics, we learn from the common practice of scholars and use net population change after excluding natural growth factors (Lin and Wang, 2006) to measure the macro-level population mobility. From the 2010 census in China, the proportion of labor force in the mobile population is about 90%. Therefore, this paper uses the net population change after excluding the natural growth factor multiplied by the proportion of labor force in the mobile population to measure inter-provincial labor mobility, which is defined as follows:
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where Li,t represents the total population of province i at the end of year t, and ni,t is the natural growth rate of province i in year t.
Capital mobility (cf)
Since there are no official public data on inter-provincial capital mobility in China, we follow the common practice of Chinese scholars to approximate the inter-provincial capital mobility by using the expenditure approach principles of national economic accounting (Hu and Wu., 2012). According to the formula of national economic accounting, GDP can be decomposed into final consumption (C), capital formation (I) and net outflow of goods and services (X), where X can be assumed to be the consumption of goods and services in the province by residents outside the province (including other domestic provinces and abroad). Therefore, based on the principle that the direction of goods and services mobility is opposite to that of capital mobility, the size of inter-provincial capital mobility is approximated by the net outflow of goods and services minus the net export of foreign trade. In this paper, the ratio of the size of inter-provincial capital mobility to GDP is used as a proxy variable for capital mobility, which can also be used to capture domestic market trade.
Technology mobility (tf)
Technology market transaction is a suitable indicator to measure inter-regional technology mobility (Yu et al., 2019). However, it is worth noting that, unlike labor and capital mobility, technology outflow does not lead to a decline in the technology level of the outflowing area, so technology market transactions in inflowing areas can be used as a proxy variable for inter-provincial technology mobility, specifically measured by the ratio of technology market transactions to GDP.
Estimation of Industrial Transfer
Manufacturing transfer is the main form of industrial transfer. Developed countries have well-developed information on the location of enterprises and can directly judge the scale and direction of industrial transfer based on changes in the location of enterprises (Arauzo-Carod et al., 2010), while such information is difficult to obtain in China, so industrial transfer in China is usually measured in an indirect way. Zhao and Yin (2011) propose a method to measure industrial transfer based on the idea of share transfer. Sun et al. (2018) point out that the change in the number of enterprises cannot accurately reflect the transfer of manufacturing industries, so they make some improvements based on Zhao’s study by using the change in production scale after excluding the natural growth of industries to reflect industrial transfer, which is defined as follows:
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where IRci,t denotes the industry transfer index of industry i of area c in year t, Pci,t and Pci,t0 denote the total production scale of industry i in year t and year t0 (base period), respectively. m presents the number of industries, qci,t denotes the production scale of industry i in area c in year t, and [image: image] denotes the overall production scale. Eq. 2 examines the industrial transfer related to a specific year, however, the industrial transfer examined by a fixed base period cannot better reflect the dynamics of industrial transfer. Moreover, in order to make the industrial transfer index relatively comparable to the factor mobility based on the previous year, we improve Eq. 2 by defining the industrial transfer index as the difference between the relative proportion of production scale in the current year and the relative proportion in the previous year, and defining the index as a dynamic industrial transfer index, which can be expressed as follows:
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When IRdci,t = 0, the industry is not transferred. If IRdci,t > 0, it means that industry i of area c in year t undergoes transfers in relative to the previous year. Otherwise, the industry is relatively transferred out.
Estimation of Industrial Carbon Emission Intensity
Carbon intensity is usually defined as CO2 emissions per unit of GDP (Zhou et al., 2019). Accordingly, industrial carbon intensity (ci) can be defined as CO2 emissions per unit of industrial outputs, and the combustion of fossil energy is the main source of CO2 emissions (Zhao and Luo, 2018). Based on the general approach of existing studies, the consumption of fossil energy is used to estimate CO2 emissions according to the 2006 IPCC Guidelines for National Greenhouse Gas Inventories, as shown in Eq. 4.
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where C denotes CO2 emission and i denotes energy type. In this paper, the fossil energy mainly includes raw coal, washed coal, other washed coal, coal, coke, coke oven gas, blast furnace gas, other gas, crude oil, gasoline, kerosene, diesel, fuel oil, naphtha, lubricating oil, paraffin, solvent oil, petroleum asphalt, petroleum coke, liquefied petroleum gas, refinery dry gas, natural gas, other petroleum products and other coking products, etc., ADi, NCVi, EFi and Oi represent energy consumption, average low level heat content, carbon content per unit calorific value and carbon oxidation rate, respectively.
Control Variables
Refer to existing researches, we choose economic externality (eo), technological innovation (inv), industrial structure (ind), urbanization rate (urban), fiscal self-sufficiency rate (fss), and environmental regulation (mier) as control variables. eo, ind, and mier are all relative indicators, which are measured by the proportion of total exports and imports in GDP (Waugh and Ravikumar, 2016), the proportion of secondary industry output in GDP, and the proportion of resource tax, vehicle use tax, and environmental tax (sewage charge) related to environmental protection in GDP (Jorgenson and Wilcoxen, 1990), respectively. inv, urban, and fss are expressed as the number of invention patent applications per 10,000 people, the proportion of urban population, and the proportion of budget revenue to budget expenditure (Zou et al., 2019), respectively.
Data Source
After combing through the sustainable development and low-carbon emission reduction policies of China, we found that the Scientific Outlook on Development, introduced in July 2003, is of great significance to China’s energy conservation and to the sustainable development. Therefore, 2004 is chosen as the starting point of this paper. The energy consumption data used to calculate CO2 emissions are from the China Energy Statistical Yearbook (2005–2020). The year-end population and natural growth rates required for labor mobility and the data required for capital mobility are from the China Statistical Yearbook (2004–2020), where data on “net outflows of goods and services” for 2019 are missing for some provinces, and we use the average growth rates of the last 5 years for estimation. The technology market transactions in the inflowing areas required for technology mobility are obtained from the China Statistical Yearbook on Science and Technology (2005–2020). The manufacturing industries are divided into labor-intensive, capital-intensive and technology-intensive according to the intensity of production factors. The data on industrial output value required for industrial transfer come from the China Industry Statistical Yearbook (2004–2020), wind database and statistical yearbooks of relevant provinces. The data required for the control variables are from the China Statistical Yearbook (2005–2020) and the Finance Yearbook of China (2005–2020). The VIF test shows that the variance inflation coefficients of all variable are less than 10, which can prove that there is basically no multicollinearity in these variables (Hair et al., 1995).
Method
Moderating Effect Model
In this paper, the panel fixed effects model is used to examine the relationship between factor mobility, industrial transfer and industrial carbon emissions. Combined with the theoretical analysis, the impact of the interaction between factor mobility and industrial transfer on carbon emissions is the focus of our attention. Therefore, in addition to factor mobility and industrial transfer, the interaction term of these two indicators is added to the model to examine the effect of their interaction on industrial carbon emissions, and the model is shown in Eq. 5.
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where ci represents industrial carbon emission intensity, ff denotes factor mobility, which include labor mobility (lf), capital mobility (cf), and technology mobility (tf), respectively. int is industrial transfer, including labor-intensive industry transfer (lit), capital-intensive industry transfer (cit), and technology-intensive industry transfer (tit). X denotes a set of potential control variables, ui denotes individual fixed effects, λt denotes time fixed effects, and εit denotes a random error term.
Quantile Regression Model
Considering that the industrial carbon emission intensity may represent the ability to reduce emissions, the impacts of factor mobility and industrial transfer on industrial carbon emission intensity may be heterogeneous at different industrial carbon emission intensities. Quantile regression is one of the effective methods to examine the heterogeneous impacts of explanatory variables on the explained variables at different quantile levels, and it uses the conditional expectation of the explained variable to obtain a regression equation in any quantile level of the explained variable by adding the absolute value of the minimum residual weights (Koenker, 2004). The formula for the quantile regression is as follows:
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Following Alvarado et al. (2021), we use the panel quantile regression approach to estimate the heterogeneous impacts of the factor mobility and industrial transfer on industrial carbon emission intensity at different quantile levels. We specify the quantile τth (0 < τ < 100) of the dependent variable’s conditional distribution as a function of a set of explanatory factors Xit. The equation is shown in Eq. 7.
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The matrix Xit is the set of all the explanatory and control variables, and εit is the error term. In this paper, the model of quantile regression can be specifically expressed as Eq. 8.
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DESCRIPTION OF OBJECTIVE FACTS
Spatial Matchability of Factor Mobility and Industrial Transfer
From the spatial matchability of factor mobility and industrial transfer, production factors generally flow from the central and western areas to the eastern areas, while the direction of industrial transfer is opposite. Especially labor-intensive industries and technology-intensive industries generally transfer from the eastern areas to the central and western areas, and there is a relatively obvious spatial mismatch between the direction of factor mobility and the trend of industrial transfer.
Figures 2A, B reflect the spatial layout of labor mobility and labor-intensive industrial transfer, respectively. As can be seen from the China Census in 2010, employment is the main factor of labor mobility across provinces, accounting for 77.2%. More than 55.4% of the mobile labor force is employed in manufacturing industries, and the labor force with a college degree or above is less than 11.6%. Overall, labor-intensive industries are the main industries absorbing low-skilled labor. Comparing Figures 2A, B, we can find that, during 2004–2019, labor-intensive industries basically show a trend of transferring from the eastern areas to the central, western, and northeastern areas, while labor force shows a trend of moving from the central and western areas to the eastern areas. Although the trend of labor inflow in eastern provinces such as Beijing, Shanghai and Shandong slows down after 2016, and there is even a net outflow, the labor force in some central and western areas begin to return at the same time, the contradiction between labor supply and demand in the central and western areas remains prominent with the transfer of labor-intensive industries to central and western areas.
[image: Figure 2]FIGURE 2 | The spatial layout of factor mobility and industrial transfer.
Figures 2C, D reflect the basic situation of capital mobility and capital-intensive industry transfer. And we can see that, from 2004 to 2019, capital flows from the central and western areas to the eastern areas, while capital-intensive industries do not show a clear trend of transferring from the eastern to the central and western areas, just like the findings of (Fu et al., 2021b). In general, capital-intensive industries in the eastern provinces such as Tianjin, Hebei, Shandong, Zhejiang, Fujian, Guangdong and Hainan remain net inflows. Comparing the regional input-output tables of China, we find that Beijing, Tianjin, Shanghai, Jiangsu, Shandong and Fujian generally show net outflows of domestic and provincial capital-intensive products, while the central and western areas mostly show net inflows of domestic and provincial capital-intensive products, indicating that the eastern areas are still the main production base for capital-intensive products. It also indicates that although capital mobility and capital-intensive industry transfer are more consistent in some provinces, the matchability between them still needs to be improved.
It can be seen from Figures 2E, F that technology-intensive industries transfer from the eastern areas to the central and western areas, which is like the findings of Cao and Zhang. (2021). However, there is still a mismatch between technology mobility and technology-intensive industry transfer in terms of technology market transactions. The main manifestation is that technology-intensive industries mainly transfer to areas where technology inflows are lower than the national average. Next, we examine the independent innovation capacity of areas that absorb technology-intensive industries. Among them, the number of invention patent applications per 10,000 people in eastern coastal areas such as Beijing, Shanghai, Jiangsu, and Zhejiang exceeded 2, however, it is less than 0.5 in the central and western areas. The above information shows that there is also an imbalance in the spatial layout and innovation level of technology-intensive industrial transfer. Although some technology-intensive industries have transferred into the central and western areas where the level of independent innovation is relatively weak due to industrial layout adjustment, the direction of technology mobility represented by technology market transactions and the transfer direction of technology-intensive industries cannot be matched in time.
Basic Performance of Industrial Carbon Emission Intensity
According to the national average industrial carbon emission intensity from 2004 to 2019 (the average value is 8.1382), the 30 provinces are divided into low carbon emission intensity areas (low-carbon areas) and high carbon emission intensity areas (high-carbon areas). From Table 1, we can see that the industrial carbon emission intensity of China shows obvious regional distribution characteristics, with a spatial pattern that the east is lower than the west, and the south is lower than the north. Among them, the southeast coastal area has the lowest carbon emission intensity. From the perspective of industrial carbon emission intensity trends, the carbon emission intensity of all provinces decreases significantly from 2004 to 2019. The overall industrial carbon emission intensity of China decreases from 11.5210 to 6.3521, with a decrease of about 44.87%. The average industrial carbon emission intensity of low-carbon areas decreases from 7.3773 to 3.2648 with a decrease of about 55.75%. The average industrial carbon emission intensity in high-carbon areas decreases from 19.1107 to 12.8883, with a decrease of 32.56%. Thus, we can see that the central and western areas with high carbon emission intensity are still the key areas for carbon emission reduction in China.
TABLE 1 | Average industrial carbon emission intensity in various provinces in China from 2004 to 2019 (tons/million).
[image: Table 1]RESULTS AND DISCUSSIONS
Baseline Regression
Before performing empirical analysis, we conduct a panel unit root test using the LLC test and the ADF-Fisher test. The results in Table 2 show that the original hypothesis of the existence of a unit root for each variable is strongly rejected, so the panel series is stationary.
TABLE 2 | Results of the panel unit root test.
[image: Table 2]Table 3 is the analysis results of full samples. Col. (1) indicates that labor force inflow can exacerbate industrial carbon intensity, which is similar to the findings of Liu et al. (2021). One possible reason is that the cross-regional labor mobility is accompanied by the adjustment of labor structure, which is mainly manifested in the transfer of rural labor and the transfer of labor from the primary industry to the secondary and tertiary industries. Especially, the increase in employment in the secondary industry implies the expansion of the industrial scale and the increase in energy consumption and carbon emission intensity. Col. (2) and Col. (3) show that labor-intensive industrial transfer contributes to the reduction of industrial carbon emission intensity. The negative estimated value of the interaction term between labor mobility and labor-intensive industrial transfer indicates that the emission reduction effect of labor-intensive industrial transfer can be strengthened with the inflow of labor. The reason may be that labor-intensive industries such as food processing, furniture manufacturing, and textiles have lower carbon emission intensity compared with capital-intensive industries such as metal products and chemical raw material processing (Fu et al., 2021a). While the spatial mismatch between labor-intensive industry transfer and labor mobility will lead to a structural shortage of labor, forcing labor-intensive industries to undergo automation and intelligent transformation and upgrading. In addition, due to the natural labor-dependent attributes of labor-intensive industries, the return of labor will alleviate the contradiction between labor supply and demand in areas where labor-intensive industries are transferred in. Therefore, with the increase of labor inflow, the carbon emission reduction effect of labor-intensive industry transfer areas is strengthened.
TABLE 3 | Results of baseline regression.
[image: Table 3]In Table 3, col. (4)–(6) show that the estimated value of capital mobility is negative but not significant, the capital-intensive industries transfer aggravates the industrial carbon emission intensity, and the interaction term between the two indicators indicates that the negative impact of capital-intensive industrial transfer on carbon emission reduction is enhanced by the capital inflow. Generally speaking, capital inflows are conducive to promoting the adjustment of the industrial structure, and promoting the transformation of industries that have lost their comparative advantages and high energy-consuming industries, thus promoting carbon emission reduction. However, capital inflows represent a net outflow of trade in goods and services, it means that the areas with goods outflows bear the carbon emissions from the production of goodes for other areas (Seo et al., 2015). The more the capital inflows, the higher the implied carbon emissions, which in turn may weaken the emission reduction effect of capital inflow. From the industrial perspective, since capital-intensive industries often have the characteristics of high energy consumption and high pollution (Hu et al., 2021), the transfer of capital-intensive industries is actually accompanied by the transfer of carbon emissions, so industrial carbon emissions intensity will increase with the transfer of capital-intensive industries, which is consistent with the theoretical analysis. In addition, since the capital mobility examined in this paper reflects the trade of goods and services in the domestic market, combined with the direction of capital mobility and capital-intensive industry transfer in Figure 2, it can be seen that the areas of capital inflow are mainly those with low carbon emission intensity. Although capital inflow can provide the basic conditions for industrial transformation and upgrading, however, capital inflow makes the area bear the carbon emissions generated in the production of goods exported to other areas. Capital inflow areas such as Shandong and Tianjin are also areas where capital-intensive industrial are transferred in. The directions of capital mobility in these areas are relatively matched with that of capital-intensive industry transfer, which also exacerbates the negative impact of capital-intensive industry transfer on carbon emission reduction.
In Table 3, col. (7)–(9) show that both technology mobility and technology-intensive industrial transfer are conducive to reducing industrial carbon emission intensity, and the interaction of the two indicators further enhances the effect of carbon emission reduction, indicating that technology mobility and technology-intensive industrial transfer are effective ways to promote carbon emission reduction and achieve “Carbon Peak and Carbon Neutrality”. The result of the control variables show that independent innovation also significantly reduces industrial carbon emission intensity, which can further demonstrate that technological progress is an important way to achieve carbon emission reduction goals (Sun et al., 2021).
The above analysis shows that the matching of labor mobility and labor-intensive industrial transfer, and the matching of technology mobility and technology-intensive industrial transfer are both conducive to carbon emission reduction. While the matching of capital mobility and capital-intensive industrial transfer is unfavorable to carbon emission reduction in areas where capital-intensive industries are transferred in. Combining with the spatial matchability of factor mobility and industrial transfer in Figure 2, it can be found that, during the 2004–2019, the matchability of labor mobility and labor-intensive industrial transfer, and that of technology mobility and technology-intensive industrial transfer is poor, while the matchability of capital mobility and capital-intensive industrial transfer is better. This result indicates that there is a fragmentation between factor mobility and industrial transfer, which makes factor allocation ineffective in serving the needs of industrial layout adjustment and cannot effectively play the positive role of carbon emission reduction mechanism of industrial transfer.
Endogeneity Discussion and Robustness Test
Although some control variables and fixed effects are added in the model to reduce the estimation bias caused by omitted variables, the potential endogeneity caused by reverse causality still needs to be considered. In this paper, we mainly explore that, under the pressure of carbon emission reduction in China, local governments may adjust their industrial transfer strategies according to carbon emissions, thus affecting the spatial layout of industries transfer.
The average listing price of industrial land can be used as an instrumental variable for industrial transfer (Hou and Liang, 2021). The cost of industrial land is an important factor in the process of industrial transfer, and in order to maximize corporate profits, enterprises tend to move to regions with low industrial land costs, so industrial transfer is closely related to the listing price of industrial land. Besides, the average listing price of industrial land is generally not affected by carbon emission intensity, so it can be used as an instrumental variable for industrial transfer. We crawled 381,161 industrial land transaction data from 2004 to 2019 from the China Land Market website using crawler technology. After that, based on the industrial classification criteria in this paper and the “industry type” in the land transaction information, we divide the listing price of industrial land into listing price of labor-intensive industrial land, listing price of capital-intensive industrial land and listing price of technology-intensive industrial land, which were then used as instrumental variables for labor-intensive industrial transfer, capital-intensive industrial transfer and technology-intensive industrial transfer, respectively. And then we use the 2sls method to estimate them. The higher the listing price of industrial land, the less conducive to industrial transfer. Therefore, we use the opposite value of the listing price of industrial land in the endogeneity discussion to compare with the baseline regression results. As shown in Col. (1)–(3) of Table 4, although the regression results of the 2sls model are slightly different from the baseline regression results in the estimates of some explanatory variables, the signs and significance of the coefficients are basically consistent, which can indicate that the regression results are still robust after considering the interference of endogeneity problems.
TABLE 4 | Results of endogeneity discussion and robustness tests.
[image: Table 4]In addition, we adopt the method of replacing key variables for robustness tests to test the reliability of the experimental results. Since factor mobility and industry transfer are the key explanatory variables in this paper, the choice of their proxy variables is crucial to the empirical results. We replace the proxy variables for factor mobility and industrial transfer, respectively, and the results are shown in Table 4. Col. (4)–(6) are the results after replacing proxy variables of factor mobility. We replace labor mobility, capital mobility, and technology mobility with the changes in the proportion of the labor force in each province to the total national labor force (Chen and Bai, 2019), the changes in the proportion of fixed asset investment in each province to the total national investment (Qiang and Hu, 2022), and relative share of technology market transactions to GDP, respectively. Col. (7)–(9) are the results after replacing proxy variables of industrial transfer, we recalculate the industrial transfer index by replacing the total industrial output value with the industrial sales value. As can be seen from Table 4, the relationship between factor mobility, industrial transfer and industrial carbon emission intensity does not change substantially after replacing the explanatory variable, and the signs of other estimated variables are consistent with that of baseline regression and remain significant. Therefore, we believe that the results of this paper are basically robust.
Discussion on the Heterogeneity of Carbon Emissions Intensity
Yu et al. (2018) shows that industrial carbon emission intensity can reflect the carbon reduction capacity of the industrial sector in an area. A lower carbon intensity may represent a greater ability to reduce emissions, and then reducing the negative impact of transferring high carbon industries to the area. Conversely, areas with high industrial carbon emission intensity and weak emission reduction capacity may be more negatively affected by the transfer of high-carbon industries. In other words, the influence of the interaction of factor mobility and industrial transfer on industrial carbon emission intensity may be heterogeneous at different industrial carbon emission levels, and the panel quantile regression is one of the effective methods to verify the above point (Opoku and Aluko, 2021). The results reported at different quantiles of industrial carbon emission intensity are shown in Table 5.
TABLE 5 | Results of quantile regression.
[image: Table 5]As shown in Table 5, the estimated value of labor mobility is always positive but significant only at the 30th to 70th quartiles. The process of labor mobility across areas is also accompanied by labor transfers between rural and urban areas, and between agricultural and non-agricultural sectors. The higher the ratio of the labor force working in the non-agricultural sector, the higher the carbon emissions (Hao et al., 2021). Therefore, in general, labor mobility exacerbates the intensity of industrial carbon emission. In contrast, the estimated value of labor-intensive industry transfer is negative and its absolute value decreases as the quantile increases, indicating that the labor-intensive industry transfer can reduce industrial carbon emission intensity (Fu et al., 2021b). And the lower the industrial carbon emission intensity, the stronger the emission reduction capacity, the more obvious the emission reduction effect of labor-intensive industries transfer. While at the 90th quartile level, the emission reduction effect of labor-intensive industries is no longer significant. Looking at the interaction term of labor mobility and labor-intensive industry transfer, the magnitude of the estimated value does not change significantly at each quartile level, but the significance of the estimated value is the same as that of labor mobility, which indicates that the carbon reduction effect of labor-intensive industries can be strengthened with labor inflow.
The estimated value of capital mobility is negative but insignificant, while the estimated value of capital-intensive industry transfer is significantly positive at all quartile levels, and gradually become larger as the quartile increases. This result indicates that the negative effect of capital-intensive industry transfer on carbon emission reduction gradually increases with the increase of industrial carbon intensity. The interaction term between capital mobility and capital-intensive industrial transfer is significantly positive at the 30th to 90th quartiles, but the estimated value does not change significantly, which is similar to the baseline regression results, indicating that capital mobility exacerbates the negative impact of capital-intensive industrial transfer on carbon emission reduction again.
When the industrial carbon emission intensity is at the 50th to 90th quartiles, technology mobility has a significant positive effect on industrial carbon reduction, and the absolute value of the coefficient increases as the quartile level increases. Technology-intensive industrial transfer also has a positive effect on industrial carbon reduction, but it is only significant at the 50th to 90th quantiles, and the emission reduction effect of technology-intensive industrial transfer gradually decreases with the increase of carbon emission intensity. One possible reason is that, compared with low carbon emission areas, high carbon emission intensity areas have relatively weaker emission reduction capacity and a relatively lower overall technology level. Therefore, although the transfer of technology-intensive industries can reduce industrial carbon emission intensity, the technology level in these areas may not be able to meet the needs of technology-intensive industry development in a short time. Besides, since the supporting facilities required for technology-intensive industry development are inadequate, the emission reduction effect of technology-intensive industry transfer continues to weaken as industrial carbon emission intensity increases.
CONCLUSION AND POLICY RECOMMENDATIONS
Reducing industrial carbon emission intensity is an important way to promote carbon emission reduction and achieve the goal of “Carbon Peak and Carbon Neutrality”. This paper proposes a dynamic industrial transfer index and discusses the impact of the spatial matchability of factor mobility and industrial transfer on industrial carbon emission intensity by using Chinese provincial panel data from 2004 to 2019. There are several findings as follows.
First, there is an obvious spatial mismatch between the direction of factor mobility and the trend of industrial transfer in China. Taking the national average industrial carbon emission intensity as the basis for division, production factors generally flow from high-carbon to low-carbon areas, labor-intensive and technology-intensive industries generally transfer from low-carbon to high-carbon areas. However, the transfer of capital-intensive industries is relatively lagging behind, and low-carbon areas are still the main production bases for capital-intensive products. Second, China’s carbon emission reduction capacity has been improving, and the industrial carbon emission intensity has decreased significantly, with the national average industrial carbon emission intensity decreasing from 11.5210 to 6.3521 (a decrease of about 44.87%). Third, the interaction between factor mobility and industrial transfer can affect the industrial carbon emission intensity. When the directions of labor mobility and technology mobility are consistent with that of labor-intensive and technology-intensive industrial transfer, respectively, the carbon emission reduction effect of industrial transfer will be strengthened. When the direction of capital mobility is consistent with capital-intensive industrial transfer, the capital inflow will aggravate the negative impact of capital-intensive industry transfer on carbon emission. Finally, the impacts of factor mobility, industrial transfer, and the matchability of the two on industrial carbon emission intensity are heterogeneous, the carbon reduction effects of labor-intensive and technology-intensive industries are more obvious in low-carbon areas, while the negative effects of capital-intensive industrial transfer on emission reduction are more obvious in high-carbon areas.
In response to the above findings, we propose the following recommendations. First, it is necessary to make reasonable use of the “invisible hand” of the market and the “visible hand” of the government. On the one hand, it is necessary to play the decisive role of the market in factor allocation, speed up the reform of factor market prices, and promote the optimal allocation of factors according to market rules and market prices. On the other hand, in the process of promoting the government’s role to change from “setting prices” to “setting rules,” it is necessary to promote the coordination of the market-oriented reform of factor allocation and regional coordinated development policies to alleviate the problem of regional factor mismatch.
Second, the strategic arrangement of industrial transfer should focus on the “trinity” of industrial structure upgrading, spatial layout adjustment and carbon emission reduction targets to achieve technological and structural emission reduction of industrial transfer. The central and western areas should raise the environmental access threshold and implement stricter environmental supervision policies to force the transformation and upgrading of the “high-pollution and high-consumption industries” and avoid becoming a “pollution refuge” for domestic industrial transfer. At the same time, it is necessary to strengthen the planning of industrial transfer to weaken the negative impact of the transfer of the “high-pollution and high-consumption industries” on carbon emission reduction in terms of the location of transferred industries, supporting facilities, and the construction of industrial parks. The eastern areas should give full play to its advantages of strong independent innovation capability, high energy efficiency and industrial concentration, take the lead in promoting green transformation, and promote industrial emission reduction through industrial upgrading.
Third, a green and low-carbon modern industrial pattern should be actively built. On the one hand, it is necessary to accelerate the adjustment of energy structure and increase the proportion of renewable energy in the final energy consumption. At the same time, pay more attention to green independent technology innovation, and take the energy saving and clean technology as the focus of research, so as to promote the process of clean production. On the other hand, it is necessary to speed up the adjustment of industrial structure, curb the “high-pollution and high-consumption industries,” and focus on the development of strategic emerging industries and high-tech industries. In addition, it is necessary to give full play to the role of the carbon trading market and carbon tax in reducing carbon emissions. The coverage of the carbon emissions trading market needs to be gradually expanded, more attention should be paid to the role of fiscal policy in carbon emission reduction, and the introduction of the “carbon tax” should be actively explored.
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To alleviate climate change and environmental issues, China has implemented many environmental regulation policies. This paper takes the SO2 and carbon emission trading pilots (SETP, CETP) in China as the quasi-experiment and, under the difference-in-difference framework, studies whether the market-based environmental regulation (MER) policy promotes green technology innovation. The investigation is conducted employing patent data with the “IPC Green Inventory” on the panel data of China’s 278 prefectural-level cities over the period 2003–2017. We found that 1) as for a single policy, SETP successfully promoted green technology innovation, but failed in CETP, which shows that not all MER policies can play a positive effect on green technology innovation. Meanwhile, SETP and CETP did not change the direction of technology innovation and had no impact on total technology innovation. 2) For the combination policy, SETP and CETP failed to jointly promote green technology innovation, and with the current MER policy in China, it is difficult to realize the policy combination effect. This result implies that repeated implementation of similar environmental policies failed to stimulate innovation. 3) Heterogeneity analysis shows that the promotion effect of SETP on green technology innovation, mainly in the eastern region, and the promotion effect on invention patents is more prominent than utility model patents, which shows that green technology has improved not only in quantity but also in quality. These findings provide empirical evidence and policy implication for the efficient implementation of environmental regulation.
Keywords: market-based environmental regulation, green technology innovation, SO2 emission trading pilot, carbon emission trading pilot, patents
INTRODUCTION
The potential contradiction between economic growth and environmental pollutants has threatened the development of human society. Through the environmental regulation (ER) policy to control the pollutants and promote technology innovation, to achieve the coordination between economic growth and environmental pollutants is the accordant goal for all over the world. This is because technological innovation is not only an essential driving force for economic growth but also a powerful weapon to compensate for environmental losses. Compared with the emission reduction effect of environmental policies, the emission reduction effect of technology innovation is easier to discuss (Cheng et al., 2020). In particular, green technology innovation plays a prominent role in economic green transformation and energy conservation and emission reduction. Therefore, whether ER policy can promote technology innovation and whether technology innovation can solve energy and environmental issues have always been the focus (Calel and Dechezleprêtre, 2016; Cai et al., 2020; Sun et al., 2021).
The Porter hypothesis is the representative research on ER policy and technology innovation (Porter and Linde, 1995). Although the Porter hypothesis is mainly aimed at enterprises, the endogenous economic growth theory shows that the technical change of an economic sector is determined by the technology innovation activities of all enterprises in this sector (Acemoglu et al., 2012; Aghion et al., 2016). Therefore, the Porter hypothesis can also be employed as a reference for the research at the macroeconomic level. It must be noted that there are many types of ER policies, which can be divided into command-and-control environmental regulation (CER), market-based environmental regulation (MER), voluntary environmental regulation (VER), and so on (Guo and Yuan, 2020). The primary objective of those ER policies is of course to control the pollutants, but from the economic perspective, it is crucial that they also provide incentives for technology innovation, since the new technologies may substantially reduce the cost of abatement (Jaffe et al., 2002). The impact of different types of ER policies on technology innovation belongs to the research category of the “general Porter hypothesis” (Jaffe and Palmer, 1997).
On the contrary, what types of technology innovation can a specific type of ER policy promote? This is the research on the “weak Porter hypothesis” (Jaffe and Palmer, 1997). Compared with general innovation, green technology innovation makes more prominent contributions to the environment and economic growth. It is vital to achieving “win-win” results in the economy and environment. Meanwhile, compared with the CER policy, countries around the world have advocated the adoption of MER policies to promote green technology innovation (Calel and Dechezleprêtre, 2016). Specifically, the effect of the “weak Porter hypothesis” produced by the CER policy has been proved to encourage specific innovation, especially green technology innovation (Lanoie et al., 2008; Ambec et al., 2013). The MER policy may affect green technology innovation in the following: Firstly, from the perspective of enterprises, MER policy increases the possibility of profits for enterprises, thus increasing R&D investment, which is conducive to green technology innovation (Ambec et al., 2013; Wang et al., 2019). Secondly, from a regional perspective, the agglomeration effect produced by the MER policy is conducive to technology diffusion, which is also beneficial to green technology innovation. Unfortunately, the cost of the MER policy is higher than that of the CER policy (Ambec et al., 2013), and the fact that environmental pollution always exists has not been changed (Zhang et al., 2017). Therefore, we have reason to doubt that the promotion effect of the MER policy on green technology innovation may not be effective in every country or region.
Does China implement the MER policy? Compared with the European Union emissions trading scheme (EU ETS), the SO2 emission trading pilot (SETP) and carbon emission trading pilot (CETP) are considered as typical MER policies in China (Chang and Wang 2010; Zhang et al., 2019; Chen Z et al., 2021; Du et al., 2021; Peng et al., 2021; Meng et al., 2021). The SETP was issued by the Ministry of Ecology and Environment of PRC. In 2007, the pilot scope was expanded to cover 11 areas of Jiangsu, Tianjin, Zhejiang, Hubei, Chongqing, Hunan, Inner Mongolia, Hebei, Shaanxi, Henan, and Shanxi, and the variety of the subject matter of transaction was expanded from SO2 to chemical oxygen demand (COD), nitrogen oxides (NOx), and so on. The scale of this policy is much larger than in 2002. Moreover, in 2011, the National Development and Reform Commission of PRC issued the “Notice on Carrying out the Emission Trading Pilot Work” to create a special carbon trading market. This is another MER policy that may affect green technology innovation in China (Munnings et al., 2016; Ouyang et al., 2020). It decided to carry out CETP in seven areas of Beijing, Tianjin, Shanghai, Chongqing, Hubei, Guangdong, and Shenzhen. The main purpose of the MER policy is to promote green technology innovation through marketization, to realize green economic growth. Therefore, the implementation of SETP and CETP provides an effective “quasi-experiment” for us to study the effect of the MER policy on green technology innovation. We discuss the impact of the MER policy on green technology innovation and provide theoretical and empirical suggestions for further deepening the establishment of environmental trading systems in developing countries and how the MER policy can promote green technology innovation effectively.
This paper is organized as follows: Literature review is presented in Literature review. Methodology shows the methodology. Data is the data description. Empirical results includes the empirical results, discussion, heterogeneity analysis, and robustness checks. Conclusions and implications for stakeholders are shown in Conclusion and policy implications.
LITERATURE REVIEW
There are many works of literature about whether environmental regulation can promote technology innovation. Early studies mainly used environmental intensity indicators to describe environmental regulation, including pollution control costs, amount of pollutant emission, environmental taxation, and R&D subsidies (Popp 2002; Hamamoto 2006; Carmen and Innes 2010; Acemoglu et al., 2012). These studies mostly prove that environmental policies can stimulate technology innovation from the theoretical. The Porter hypothesis is a representative study to explore the impact of environmental regulation policy on innovation. Through theory and case analysis, Porter and Linde (1995) finds that if the policy is designed properly, environmental regulation can produce a compensation effect by innovation, which can offset the cost increase brought by the implementation of environmental regulation. Although some studies describe the Porter hypothesis in more detail and believe that the impact of environmental regulation on technology innovation will be uncertain and dynamic because of location, industry, enterprise size, productivity, and other factors (Jaffe and Palmer 1997; Becker 2011; Broberg et al., 2013; Albrizio et al., 2017), the investigation of Porter hypothesis is mainly carried out from the microeconomics of manufacturers. Meanwhile, the theory of endogenous economic growth and the study of Acemoglu et al. (2012) implies an important assumption, that is, the technical change of a sector is determined by the technology innovation activities of all manufacturers in this sector. With the sustainable growth of green technology, non-green technology is not stagnant (Aghion et al., 2016). It has been mentioned whether the ER policy has made the directed technical change into the green trend. The above research has set the microeconomic foundation for exploring how ER affects technology innovation or technical change.
Consequently, recent studies pay more attention to the effectiveness of correlation between ER policy and green technology innovation, that is, to analyze the weak Porter hypothesis. Meanwhile, an increasing number of researches focus on the MER policy because the operation of the MER policy is to take the emission power or pollutant as the subject matter of the transaction and take the price index as the signal, to increase the cost of pollutant emission, and decrease the return relatively. When the marginal return is close to the marginal cost, manufacturers may select to stop production, transfer, or carry out green technology innovation, to limit the pollutant emissions in the area and achieve and transform the economic pattern. Selecting to stop production or transfer is equivalent to leaving the market, and if the above costs are too large, manufacturers will select green technology innovation immediately (Jaffe et al., 2002; Chen Z et al., 2021; Lv et al., 2021). This is the mechanism by which the MER policy can promote green technology innovation.
In addition, researchers have employed a variety of methods to explore the correlation between ER policy and technology innovation. Specifically, Jaffe and Palmer (1997) construct a simple econometric model based on mixed regression and fixed effect. Hamamoto (2006) constructed a panel model and found that ER policy promoted R&D investment and further stimulated productivity. Recently, based on the Panel Poisson fixed-effect model, Cai et al. (2020) believe that ER policy can stimulate the green technology innovation of Chinese polluting industries. Ouyang et al. (2020) found that environmental regulation will inhibit technological innovation in the short term, but this impact is positive in the long term. Their research employs a two-way fixed-effect panel data model. With the development of econometrics, researchers use the quasi-experiment to reflect the intensity of ER (Johnstone et al., 2010; Calel and Dechezleprêtre 2016), and most of them are based on the difference-in-difference (DID) and its derivative models to evaluate the policy effect of ER (Zhang et al., 2019; Peng et al., 2021). The DID model is a method based on quasi-experiment, which cannot only effectively avoid endogenous issues but also make policy variables visible. It has been widely recognized that DID method is employed to evaluate the policy effect.
An added problem is how to measure green technology innovation. It is conventional to measure the level of green technology innovation by measuring efficiency, productivity, and green investment (Lanoie et al., 2008; Broberg et al., 2013; Sun et al., 2020; Chen Y et al., 2021; Chen and Ma, 2021; Sun et al., 2021). However, the efficiency measurement method based on Data Envelopment Analysis (DEA) is suitable for green productivity, and there may be a deviation in the measurement of green technology innovation. Employing the patents to measure the technology innovation from a microeconomy perspective or technical change from a macroeconomy perspective has been commonly supported by some researchers (Popp 2002; Johnstone et al., 2010; Albino et al., 2014; Aghion et al., 2016). According to the “International Patent Classification (IPC) Green Inventory” issued by the World Intellectual Property Organization (WIPO)1, the number of authorized patents in China is examined to reflect the level of current green technology innovation (Cai et al., 2020; Jiao et al., 2020; Chen Z et al., 2021; Xu et al., 2021; Wang et al., 2021). The IPC Green Inventory is based on the specific technical terms proposed by the United Nations Framework Convention on Climate Change (UNFCCC), and its purpose is to facilitate the retrieval of patent details related to environmentally sound technologies. Besides, invention and utility model patents are the categories of green technology innovation, and the value of invention patents is relatively high (Johnstone et al., 2010; Aghion et al., 2016). The heterogeneity caused by different types of patents is worth investigating.
In general, compared with the previous researches, the potential contributions of this paper on the study of environmental regulation and green technology innovation are as follows: First, we consider the impact of two typical MER policies (SO2 emissions trading pilot and carbon emissions trading pilot) on green technology innovation and examines the effect of policy combination. Second, it is discussed whether the MER policy has altered the total technology innovation and directed technical change while promoting green technology innovation, that is, it investigates the empirical study of the weak Porter hypothesis in China’s prefectural-level cities. Third, patents are employed to represent green technology innovation, and the potential heterogeneity of patent types (invention and utility model) is also within the scope of research.
METHODOLOGY
This paper employs the difference-in-difference (DID) and difference-in-difference-in-difference (DDD) methods for policy evaluation. SO2 emission trading pilot (SETP) and carbon emission trading pilot (CETP) are typical MER policies in China, similar to the EU ETS. One of their connotations is to stimulate enterprise technology innovation through marketization, to realize the Porter effect (Ambec et al., 2013; Chen Z et al., 2021). To construct the policy variable of the MER policy and analyze the policy effect, we regard the areas covered by the pilot as the treatment group2 and the non-pilot areas as the control group, and define the time after 2007 and 2011 as the treatment period of the corresponding policies3 (Chen Z et al., 2021; Li and Du, 2021; Peng et al., 2021; Zhang et al., 2019).
Therefore, set the policy variable with the [image: image] and [image: image]. Specifically, [image: image] and [image: image] are the treatment group dummy. If i belongs to the treatment group with the areas of SETP, [image: image]; otherwise [image: image]. If j belongs to the treatment group with the areas of CETP, [image: image]; otherwise [image: image]. The [image: image] is the time dummy, if t > 2007 for the areas i of SETP, [image: image]; otherwise, [image: image]. The [image: image] is the time dummy, if t > 2011 for the areas i of CETP, [image: image]; otherwise, [image: image].
DID Model
The DID model quantitatively evaluates the impact of the policy by comparing the changes between the treatment group and the control group before and after the policy intervention. Besides, it is necessary to consider the area fixed effects, year fixed effects, and supplement control variables to further decline the endogenous issue. The DID models are as follows:
[image: image]
[image: image]
where all non-dummy variables are in logarithmic form to eliminate heteroscedasticity. Subscripts i,j indicate the area of the city, and t indicates the time of year. [image: image] is the dependent variable, which represents the level of green technology innovation of city i,j in year t. [image: image] and [image: image] are the policy variables and shown at the top of Methodology. [image: image] is the year fixed effect, which controls the common trend of green technology innovation at the national level. [image: image] and [image: image] are the area fixed effect that controls the time-invariant features in a city. [image: image] shows the prefectural-level city’s time-varying control variables, which may also have an impact on green technology innovation. It includes economic development (GDP), urbanization rate (URB), government administration (GOV), foreign direct investment (FDI), research and development investment (RD), command-and-control environmental regulation (CER), and financial development (FD). The source and measurement of all variables are described in the section Data.
Combined Effects Model
In general, SETP and CETP are quota management for some specific pollutant emissions and trade these quotas in a market-based way, so SETP and CETP are the same types of policy tools. Therefore, we can believe that one of the purposes of implementing SETP and CETP at parallel is to hope that CETP can form a supplement to SETP, to produce a policy combination effect and jointly promote green technology innovation. Under the difference-in-difference-in-difference (DDD) framework, to examine the effect of policy combination is conducive to finding the causality on different MER policies. The DDD model is as follows:
[image: image]
SETP × CETP is an interactive item of the policy with “SO2 emissions trading pilot” and “carbon emissions trading pilot,” which represents the effect of policy combination. Because SETP or CETP is a policy variable obtained by multiplying two dummy variables and still belongs to dummy variables, SETP × CETP can be regarded as a triple difference. Consequently, [image: image] in Eq. 3 is the target of our research, and its magnitude and significance measure the effect of policy combination on green technology innovation. [image: image], [image: image], [image: image], and [image: image] are the same as the DID Model.
DATA
This paper employs the annual panel data onto 278 prefectural-level cities in China as the research sample over the period of 2003–2017. Due to the lack of detail, all prefectural-level cities in the areas of Tibet, Hong Kong, Macao, and Taiwan are not included. Economic data come from the China City Statistical Yearbook, and the patent data come from China National Intellectual Property Administration (CNIPA)4. Economic data and patent data are matched by the details on address with text processing. To avoid faults, we also used the zip code for matching.
Note that 1) after a technology innovation occurs, if this innovation has the potential value, it will often immediately apply for patent protection to obtain the monopoly benefits from this technology (Popp, 2002). This is an important reason for employing the number of authorized patents as the representative of green technology innovation. 2) Patent data generally take 2–3 years from submission to authorization (Johnstone et al., 2010; Cai et al., 2020). Thus, the period of research sample is stopped in 2017, because the delay of patent data is considered. 3) After 2017, China’s carbon emission trading will not be piloted in different areas but will adopt a unified national trading market. The trading center is located in Shanghai and the registration center is located in Wuhan.
Green Technology Innovation
The level of green technology innovation (GTI) is measured by patent authorization stocks according to the IPC Green Inventory in China5 (Chen Z et al., 2021; Du et al., 2021; Zhang et al., 2021). The IPC Green Inventory is divided into seven topics: alternative energy production, transportation, energy conservation, waste management, agriculture/forestry, administrative regulatory or design aspects, and nuclear power generation. Since the detail of the patent contains the title, date, inventor, type, and address, it lets us match the patent data with the economic data of the prefectural-level cities in China.
In addition, we also constructed two other dependent variables to notice the impact of the MER policy on the total technology innovation (TI) and green direction of technology innovation (GDTI). GDTI is represented by the proportion of authorized patents according to the IPC Green Inventory in an area to all of the authorized patents (Aghion et al., 2016). TI is represented by the authorized number of all patents in the prefectural-level cities.
Control Variables
Other essential factors affecting green technology innovation at the prefectural-level cities need to be controlled. The choice of control variables is reflected in the relevant research (Blackman 2010; Cai et al., 2020; Chen Z et al., 2021; Tang et al., 2020; Li and Du 2021; Xu et al., 2021), as follows: 1) Economic development (GDP): GDP per capita indicates the level of economic development; 2) Urbanization rate (URB): The ratio of urban population to the non-urban population in an area; 3) Government administration (GOV): The high level of government regulation, the great impact of MER policies on green technology innovation. Therefore, this paper uses the proportion of local government fiscal expenditure to GDP to represent government administration. 4) Foreign direct investment (FDI): Technology spillover also impacts green technology innovation (Jiao et al., 2020). This paper uses the amount of foreign direct investment in each area to control the impact of technology spillover. 5) Research and development investment (RD): This article uses the per capita fiscal expenditure on science and technology in each area as the proxy variable of R&D investment (Zhang et al., 2019). 6) Financial development (FD): The financial development in an area with a high level, then financial constraints are relatively low, and companies have more abundant funds to carry out the green technology innovation (Lv et al., 2021). This paper uses the average loan balance of financial institutions at the end of the year to indicate financial development. 7) Command-and-control environmental regulation (CER): Consistent with Zhao et al. (2015) and Tang et al. (2020), we control the impact of the CER policy on green technology innovation.
The measurement method of the CER is according to Levinson (1996), Tang et al. (2020), and Ouyang et al. (2020). This paper considers the emissions of industrial sulfur dioxide (SO2), industrial dust (YC), and industrial wastewater (WW) in various areas. First, the above pollutant emission of each area is standardized. The method of linear standardization is as follows:
[image: image]
where, [image: image] is the actual unit emission of pollutants in area i, pollutant j, and period t. [image: image] shows the type of pollutant emission, which belongs to SO2, YC, and WW respectively. [image: image] and [image: image] indicate the maximum and minimum values of pollutants j in all areas during the period t. [image: image] is the standardized pollutant emission.
Second, set the adjustment coefficients of pollutant emissions in various areas. This is because the size of pollution emissions in various areas is different, and the emission intensity of various pollutants is also different. Therefore, we set the adjustment coefficients as weights, the method is as follows:
[image: image]
[image: image] is the average level of emission per unit of area i and pollutant j in the research period. Third, the CER in area i at period t can be calculated as:
[image: image]
Descriptive statistics
According to the description in Table 1, some stylized facts can be found: 1) Not all areas have carried out the technology innovation, or green technology innovation because the Min of lnTI or lnGTI is 0. 2) From the perspective of patents, the proportion of authorized green patents in all authorized patents is less than 10% on average. The green bias of technical change is not sufficient. 3) The control variables show the great gap in the economic and social development in various areas of China.
TABLE 1 | Descriptive statistics of variables
[image: Table 1]EMPIRICAL RESULTS
In this section, based on the DID method, we first investigate whether the SO2 emission trading pilot (SETP) and carbon emission trading pilot (CETP) promote green technology innovation. Second, whether SETP and CETP can jointly promote green technology innovation is discussed. Third, we also analyze the heterogeneity caused by different regions and different patent types. Finally, we conduct robustness tests to ensure the effectiveness of the empirical results.
Estimation Results of the DID Model
The empirical results of SETP are shown in Table 2. For lnGTI in Column 1, the coefficient of SETP is significantly positive at the 5% level. The results prove that the MER policy such as the SO2 emission trading pilot can promote green technology innovation through current marketization. In Column 2, we control the impact of CER policy, and the coefficient of SETP is still significantly positive. Similar results remain after more control variables are introduced into Column 3. However, the empirical result in Columns 4 and 5 are disappointing, because the SETP policy does not make the direction of technical change into the green trend and does not stimulate total technology innovation (for lnGDTI and lnTI, the coefficients of SETP are not significant). The above empirical results indicate that although SO2 emission trading pilots can effectively promote green technology innovation. We found evidence that the weak Porter hypothesis exists at the prefectural-level cities in China because environmental regulation only promotes the innovation of some specific technologies, not all.
TABLE 2 | Estimation results of the DID model (SETP)
[image: Table 2]The empirical results of CETP are shown in Table 3. It is not difficult to find that the promoting effect of CETP on technology innovation is hard to recognize in the sample period (for lnGTI, the estimated coefficient is not significant). Furthermore, the empirical results of lnTI and lnGDTI also support that the promotion effect of CETP on technology innovation does not exist. The CETP policy does not realize the weak Porter hypothesis. This result is similar to the findings of Chen Z et al. (2021) and Zhang et al. (2019). At present, the policy effect of CETP is mainly to reduce carbon emissions by inhibiting output, rather than green technical innovation.
TABLE 3 | Estimation results of the DID model (CETP)
[image: Table 3]We discuss the potential reasons for the success of the SETP policy in promoting green technology innovation and the failure of the CETP policy. The Porter hypothesis holds that the causality between environmental regulation policy and technology innovation is affected by the two effects of “compliance cost” and “innovation compensation” (Jaffe and Palmer, 1997; Ambec et al., 2013). Firstly, assuming that the compliance costs of SETP and CETP are consistent, the failure of the CETP policy can be attributed to its less innovative compensation effect than that of SETP policy. In reality, the difficulty of technology innovation for carbon emission reduction is greater than that for the treatment of general pollutants such as sulfur dioxide. Secondly, assuming that the innovation compensation of SETP and CETP is consistent, the success of the SETP policy can be attributed to its less compliance cost effect than the CETP policy. In reality, the CETP policy takes place after SETP policy, which covers a wider range and involves more enterprises. The cost of some enterprises participating in carbon emission trading is relatively high.
Estimation Results of the Combined Effects Model
In this subsection, we will further consider the effect of policy combination with “SO2 emission trading pilot” and “carbon emission trading pilot” based on Eq. 3, because the latter is another MER policy. The results are shown in Table 4.
TABLE 4 | Estimation results of the combined effects model
[image: Table 4]The coefficients of interaction item (SETP × CETP) are not significant in Columns 1–3, which indicates that “SO2 emission trading pilot” and “carbon emission trading pilot” cannot promote green technology innovation together. The effect of policy combination does not exist. However, the coefficient of SETP is still significantly positive, indicating that the promoting role of the SO2 emission trading pilot on green technology innovation is not affected by carbon emission trading pilot. At present, not all of the MER policies can promote green technology innovation in China. The reason may be that the scheme of carbon emission trading pilot is not robust, the market activity is low, and it is hard to stimulate the power of innovation of relevant enterprises, which leads to the weakness of green technology innovation in the area of prefectural-level cities.
Heterogeneity Analysis
The heterogeneity analysis of this paper includes two categories. First, whether there are differences between SETP and CETP in the impact of the eastern, central, and western regions; second, how SETP and CETP affect different types of patents (Invention and Utility model patents). Table 5 reports the results for the heterogeneity analysis opening on cities in different regions. Table 6 reports the results of the heterogeneity analysis of different types of patents. Our strategy of heterogeneity analysis draws on the research of Chen Z et al. (2021).
TABLE 5 | Heterogeneity analysis of different regions
[image: Table 5]TABLE 6 | Heterogeneity analysis of different types of green innovation patents
[image: Table 6]Columns 1–3 of Table 5 show the empirical results of regional heterogeneity of SETP policy, and Columns 4–6, for CETP policy. The impact of SETP on green technology innovation shows heterogeneity between the eastern regions and other regions. Specifically, the estimation coefficient of SETP in the eastern region is significantly positive, but it is not significant in the central and western regions. Meanwhile, comparing the empirical results in Tables 2, 5, the incentive effect of green technology innovation in the eastern region is higher than the national average (0.332 > 0.091). Fundamentally, the innovation vitality of the eastern region is relatively high, the amount of enterprises in cities is also higher than that in the central and western regions, and the eastern region is more prone to green technology innovation. The impact of the CETP policy on green technology innovation in each region is still not significant, and even the estimated coefficient is negative in the eastern and central regions. To some extent, the CETP policy even inhibits green technology innovation in the eastern and central regions.
Further, we divide green technology patents into invention and utility model patents. Both of the invention and utility model patents, the SETP policy has played a promoting effect to them, as shown in Columns 1 and 2. Meanwhile, the promoting effect of invention patents is greater than utility model patents (0.144 > 0.090), which reveals the simultaneous increase in the quantity and quality of green technology innovation.
Robustness Checks
This paper employs four types of robustness checks to ensure the reliability and validity of the empirical results: common trend test, dynamic effect test, placebo test, and policy uniqueness test. Since the CETP policy failed to promote green technology innovation, that is, this policy had no impact on the dependent variable, the robustness check for CETP was not implemented.
Common Trend Test
Employing the DID method for policy evaluation needs to conform to the hypothesis of the common trend, that is, to avoid the issue that the difference between the treatment group and the control group may be driven by the difference in the time trends of patenting. Therefore, we conducted a common trend test on SETP policy as follows:
[image: image]
Specifically, [image: image], the interaction item [image: image] takes a value of 1 if the city is included in the pilot areas and pilot time for the SETP policy; otherwise, it is 0. We plotted the estimated coefficients under the 95% confidence interval. Of course, we still controlled CER, area fixed effects, and year fixed effects, as shown in Figure 1.
[image: Figure 1]FIGURE 1 | The results of the common trend test.
It is not difficult to find that before the implementation of the SETP policy, all confidence intervals cover 0, indicating that there is no systematic difference in trend between the treatment group and the control group. After the implementation of the SETP policy, green technology innovation has gradually improved except for the first year. Figure 1 proves the effectiveness of the empirical results of this paper to a certain extent.
Dynamic Effect Test
Although the SETP policy can promote green technical innovation, its impact may be delayed in time. Consequently, the promoting effect of SETP on green technology innovation may gradually appear over time, that is, it is necessary to test whether the SETP policy has a dynamic effect. Specifically, the dummy variable [image: image] in [image: image] is replaced by another nine annual dummy variables. Suppose that the annual dummy variable is [image: image] [image: image], when [image: image], the [image: image] takes 1, otherwise 0, and so on. Thus, the following model is employed to the dynamic effect test:
[image: image]
where the coefficient [image: image] measures the persistent impact of SO2 emission trading pilot on green technology innovation after j years of implementation, that is, the dynamic effect.
As shown in Table 7, the coefficients in all interaction items are positive most of the time, and there is no alternation of positive and negative, which indicates that the promotion effect of SETP policy on green technology innovation is consistent. Note that the coefficient [image: image] is not statistically significant, which means the impact of SETP on green technology innovation is not immediate. Moreover, even if the coefficient is statistically significant, the occurrence that orders them is discontinuous. In Column (1), the impact of the SETP on green technology innovation disappeared [image: image] and did not reappear until [image: image]. Similar empirical results are shown in Columns (2) and (3), but the difference is that invention patents are affected longer than utility model patents. These empirical results indicate that the promoting role of the SETP policy on green technology innovation has the hysteresis effect and volatility effect. The reasons may be due to the policy shock caused by the implementation of the carbon emission trading pilot in 2011, which maintains that the SETP policy will be affected by other environmental policies and temporarily invalid. Finally, in the eastern region (Column 4), the impact of SETP on green technology innovation lags only 1 year, which is continuous.
TABLE 7 | Heterogeneity analysis of the dynamic effect of SETP
[image: Table 7]Placebo Test
The randomness of the policy intervention is necessary, and the control group will not be affected by the policy intervention. Consequently, to further exclude the difference in green technical innovation between the pilot and non-pilot areas due to other multiple factors, we conduct a placebo test by the move back the time of policy implementation of the SETP policy 2 and 3 years (Set the [image: image] and t ≥ 2005, t ≥ 2004). The result of the placebo test is shown in Table 8.
TABLE 8 | Estimation results of placebo test.
[image: Table 8]Although the coefficients of interaction terms [image: image] and [image: image] in Columns 1, 2, 5, and 6 are positive, they are not significant, indicating that the policy implementation of SO2 emission trading pilot in the year 2004 or 2005 will not affect green technology innovation. However, in Columns 3 and 4 the coefficients of interaction terms are significantly positive. The invention patent in green technology innovation is also affected by other factors. For the main dependent variable, the placebo test proves that the expansion of SO2 emission trading pilot in the year 2007 is a decisive policy factor affecting green technology innovation from the perspective of time counterfactual.
Policy Uniqueness Test
Before 2007, China has also issued other policies similar to the SO2 emission trading pilot, but they are not the type of MER policies. The direct aim of these policies is to reduce pollutants, such as the plan of total emission control for major pollutants issued in 2006. Meanwhile, this plan is not only used to reduce pollutants but also may indirectly encourage green technology innovation. Specifically, this plan is connected with the achievements of local governments, which makes all areas begin to pay attention to pollution control and emission reduction. This plan occurs before the policy of the SO2 emission trading pilot, so we need to construct a new policy variable, Total Emission Control (TEC), to put a brake on the estimation error caused by other policies. The plan of total emission control for major pollutants is carried out nationwide, and there is no particular treatment group or control group. However, as pollution control is connected with the achievements of local governments, the impact of this plan on non-pilot areas may be more prominent. Consequently, we set [image: image], if t > 2006, period = 1, otherwise period = 0, treated is the same as Eq. 1. The results are shown in Table 9.
TABLE 9 | Estimation results of policy uniqueness test.
[image: Table 9]We can find that the promoting effect of SO2 emission trading pilot on green technology innovation is gradually shown after 2007, and not in 2006. It can be considered that the policy effect of the SO2 emission trading pilot is unique in 2007.
CONCLUSION AND POLICY IMPLICATIONS
Under the goals of “carbon peaking and carbon neutrality,” green technology innovation is an important way to coordinate economy and environment. Different from the integrated market such as EU ETS, China has established the pilot trading markets for different pollutants. Can these markets based on MER policies jointly promote green technology innovation? We need to reflect on the effectiveness of policies and explore more details of the policy effect. Consequently, the methods of DID and DDD are employed in this paper to explore the impact of MER policies (SO2 emission trading pilot, carbon emission trading pilot) on green technology innovation, and whether the combination of different MER policies can realize the purpose of promoting green technology innovation together. According to China’s IPC Green Inventory, the amount of authorized patents is employed as the proxy for green technology innovation. The economic data and patent data are matched by address and zip code to complete the empirical analysis.
Our empirical results indicate that the MER policy has a very diversified influence on the development of green technology innovation in the area of the prefectural-level city. Firstly, the SO2 emission trading pilot can promote green technology innovation, while the carbon emission trading pilot has failed to play a similar role. This empirical result shows that not all MER policies can achieve the weak Porter hypothesis. Secondly, the superposition of the SO2 emission trading pilot and carbon emission trading pilot does not realize the policy combination effect, which shows that the same type of MER policy does not achieve the role of jointly promoting green technology innovation in China. Thirdly, the heterogeneity analysis shows that the impact of SO2 emission trading pilot on invention patents is more prominent than utility model patents. Therefore, we can find that green technology innovation has not only increased in quantity but also quality. Fourthly, the dynamic effect test believes that the impact of SO2 emission trading pilot on green technology innovation does not take effect immediately, but there are features of hysteresis and volatility. This suggests that the stability of the MER policy needs to be improved.
The above conclusion provides implications to stakeholders as follows: 1) If the goal of the CER policy is to reduce pollutants, then the goal of the MER policy can promote green technology innovation while saving the environment, thereby completely transforming the pattern of economic development. Therefore, the MER policy can be used as a supplement to the CER policy to further promote green technology innovation. 2) Establishing different projects of emission trading pilot for different pollutants is difficult to repeatedly stimulate green technology innovation. Therefore, establishing a national unified emission trading market and managing it according to industry categories may be another choice. 3) The implementation of the MER policy cannot be limited to the emission trading pilot, and the expansion of policy types is imperative. Although the “SO2 emission trading pilot” and “carbon emission trading pilot” failed to jointly promote green technology innovation, the role of the carbon emission trading pilot in restricting emissions still exists. From the perspective of green technology innovation, a similar type of emission trading pilot should be more refined than more expansive.
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1https://www.wipo.int/classifications/ipc/green-inventory/home.
2First, the treatment group of SETP comprises the prefectural-level cities of Jiangsu, Tianjin, Zhejiang, Hubei, Chongqing, Hunan, Inner Mongolia, Hebei, Shaanxi, Henan, and Shanxi. Second, the treatment group of CETP comprises the prefectural-level cities of Beijing, Tianjin, Shanghai, Chongqing, Hubei, Guangdong, and Shenzhen.
3The policy of SETP was implemented in 2007, and the policy of CETP was implemented in 2011.
4In 2018, the abbreviation of the English on China National Intellectual Property Administration has changed from “SIPO” to “CNIPA”.
5https://www.wipo.int/classifications/ipc/green-inventory/.
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Improving resource use efficiency is an effective way to accelerate the realization of “carbon emission peak” and “carbon neutrality.” To perform a thorough analysis of the temporal and spatial variations in Zhejiang’s agricultural sustainable development, the present study adopted the entropy weight TOPSIS method and built a RUE-based evaluation index system for sustainable agriculture. The system covered six evaluation aspects: agricultural resource endowment, the agricultural production and agricultural science and technology levels, and ecological, economic, and social benefits. Based hereon, the present study evaluated the agricultural sustainable development of Zhejiang province from 2013 to 2019, and that of its 11 prefecture-level cities and 25 national agricultural sustainable development pilot demonstration zones in 2019. The results showed that chronologically, Zhejiang made steady progress in its agricultural sustainable development from 2013 to 2019, despite slight fluctuations, and spatially, evident regional disparities were found across its 11 prefecture-level cities and 25 pilot demonstration zones. Moreover, resource use efficiency had a significant impact on agricultural sustainable development. Zhejiang’s practices in the efficient use of cultivated land, water resources, forest resources, agricultural labor force, agricultural material goods, and agricultural science and technology offer valuable references for sustainable agriculture worldwide.
Keywords: agricultural sustainable development, resource use efficiency, entropy weight TOPSIS method, Zhejiang, temporal and spatial variations
1 INTRODUCTION
Climate change has become a major challenge for mankind, and China, as a champion of the idea of “community with a shared future for mankind,” has taken the initiative to reduce carbon emissions and contribute its share to climate change mitigation and sustainable development. In September 2020, the Chinese government announced that it would peak carbon dioxide (CO2) emissions by 2030 and strive to achieve carbon neutrality by 2060. Agricultural production is where natural and economic reproduction interweave. It satisfies global food demand, but also inevitably releases large quantities of greenhouse gases due to its low resource use efficiency (RUE), characterized by a reliance on fertilizer use and large carbon emissions. The human-land conflict has only been exacerbated by the acceleration of urbanization and industrialization. The over-exploitation of agricultural resources, heavy pollution of the agricultural environment, and unchecked deterioration of agricultural ecosystems exert considerable pressure on China’s agricultural carbon reduction, and threaten its food security and agricultural sustainable development (ASD). However, the above-mentioned conflicts cannot be resolved by a mere increase in resource input or scale. Improving RUE in agriculture has become the “hard core” of climate change adaptation, food security, and agricultural modernization, especially under the “dual circulation” development pattern, guided by the overall view, of the sustainable development and global visions of China’s new food security strategy. This is where technological advances can help in the utilization of limited agricultural resources, improvement of RUE, and promotion of quality ASD. Improving the utilization efficiency of agricultural resources is an important way to achieve sustainable agricultural development; it is also the inevitable path to achieving the “dual carbon” strategy, as well as a technical guarantee for the precise implementation of the government’s “emission reduction” policy. This is necessary for China to attain the “carbon emission peak” on schedule, an important lever to ensure food security in the new era, an intrinsic nature of the quality development of modern agriculture, and an effective measure for rural revitalization and agricultural and rural modernization.
The idea of ASD originated in the early 1980s, and attracted more academic attention after the publication of the Brundtland Report by the World Commission on Environment and Development in 1987 (Millennium Ecosystem Assessment, 2005; Harwood, 2020). However, as sustainable agriculture is a vague and ambiguous concept, its use and implementation are extremely difficult. Velten et al. (2015) conducted a structured literature review of sustainable agriculture, and divided its goals into the categories of “ecological soundness,” “social responsibility,” and “economic viability.” Zhao et al. (2018) further emphasized that the essence of ASD was to develop agriculture without compromising the ecosystem, social development, resources, or environment. Regarding the evaluation of sustainable agriculture, Sands and Podmore (2000) proposed an environmental sustainability index (ESI) of 15 sub-indices to measure the sustainability of agricultural systems. Reytar et al. (2014), representing the World Resources Institute (WRI), identified, analyzed, and profiled the landscape of existing indicators, indices, and datasets related to the environmental sustainability of agriculture. Ngo et al. (2021) combined the systemic indicators provided by the IDEA framework (Zahm et al., 2018) and the analytic hierarchy process (AHP) technique and found that the economic dimension was a more important factor than the socio-territorial or agroecological dimension, contributing 54% toward sustainable agriculture. Sarkar et al. (2021) pointed out that the indicator of sustainable agriculture might vary by region, and utilized partial least squares structural equation modeling (PLS-SEM) tactics to build an evaluation system for sustainable agriculture in Bangladesh. Zinck et al. (2004) combined case studies in which different methodological approaches and techniques mobilizing single or composite indicators were applied to assess agricultural sustainability at different hierarchical levels. There have also been studies that have explored agricultural sustainability from the perspectives of conservation agriculture, biomass for energy use, agroecological practices, and agricultural mechanization (Hobbs et al., 2008; Luo et al., 2016; Muller, 2009; Wezel et al., 2014), casting attention to farmers’ perception of sustainable agriculture (Füsun Tatlıdil et al., 2009) and whether it is a viable strategy to improve farm income (Kilian et al., 2006).
Overall, the studies mentioned above focused on sustainable agriculture from different perspectives and provided valuable references for the present study. The contribution of this study is twofold. First, as the largest developing country in the world, research on the evaluation of China’s ASD needs to be strengthened. Therefore, the present study can be further improved by proposing an overall evaluation framework that is concise, factors in all the requirements necessary for sustainable agriculture, and is suitable for China’s conditions and the underlying trend of the times.
Second, it is believed that improving RUE is an effective way to accelerate the realization of “carbon emission peak” and “carbon neutrality;” thus, Zhejiang province was selected as the research subject for the following considerations: 1) Zhejiang’s ASD experience has strong domestic practical value. Zhejiang is the cradle of the concept of “lucid waters and lush mountains are invaluable assets,” and is China’s first and only provincial-level pilot demonstration zone for national ASD. Moreover, as one of the first national agricultural green development pilot zones, Zhejiang has taken the lead in the national reform of the “real-name system and quota system for chemical fertilizer and pesticides,” and achieved zero growth in the use of both 7 years in advance. In addition, Zhejiang has made substantial progress in the fields of comprehensive waste management, land consolidation and soil pollution control, clean energy, water source protection and water pollution control, and conservation of natural resources, establishing a series of innovative practice-based models of regional sustainable development. 2) Improving the utilization efficiency of agricultural resources is a realistic demand for the development of modern agriculture in Zhejiang. As Zhejiang Province is one of the smallest provinces in China, its cultivated land per capita and grain self-sufficiency rate are much lower than the national averages, and the province faces challenges such as labor shortages, insufficient adoption of agricultural technologies, and inadequate agricultural product reserves, all of which pose a threat to its agricultural modernization. 3) Zhejiang’s experience in ASD has strong international significance. The project of “One Thousand Demonstration Villages and Rectification of Ten Thousand Villages” carried out in Zhejiang Province won the “Champions of the Earth” award in the category of “Inspiration and Action,” which is the UN’s highest environmental honor. Sustainable agricultural practices in Zhejiang Province also provide valuable references for agriculture nationwide. Therefore, an analysis of sustainable agriculture in Zhejiang Province could offer deeper insights into the status quo of and the problems facing China’s agriculture, and provide important references for ASD worldwide. Given this, the present study considered Zhejiang’s resource endowment and agricultural development stage and selected 11 prefecture-level cities and 25 national ASD pilot demonstration zones as research subjects. Focusing on the intensive, recycled, and sustainable use of agricultural resources and low-carbon, efficient, safe, and sustainable development of agriculture, this study built an RUE-based hierarchical evaluation index system for sustainable agriculture and analyzed agricultural sustainability in Zhejiang Province by adopting the entropy weight TOPSIS method.
2 CONSTRUCTION OF AN RUE-BASED HIERARCHICAL EVALUATION INDEX SYSTEM FOR SUSTAINABLE AGRICULTURE
2.1 Construction of the Index System
The construction of the index system was based on three aspects: First, key indices of RUE, i.e., indices of the comprehensive utilization of natural and social resources such as land, water resources, labor, technology, and material goods. Second, key indices of quality development of low-carbon agriculture, i.e., indices of the ecological environment, production efficiency, and agricultural carbon emission reduction, concerning the economic, social, and ecological dimensions of low-carbon agriculture, and the differences in resource endowment and production methods. Third, key indices of sustainable agriculture, which, on the one hand, measure sustainable agricultural and rural development from the perspectives of ecological, economic, and social benefits, and on the other, combine the Den Bosch Declaration reached during the FAO/Netherlands Conference on Agriculture and the Environment in April 1991. Based hereon, the present study defines three strategic development goals for sustainable agriculture: 1) to guarantee food security, 2) to develop an integrated economic model for rural areas, and 3) to promote the scientific use and recycling of rural resources.
The construction of the evaluation index system for sustainable agriculture is based on the following principles: being scientific and pragmatic, combing wholeness with hierarchy, being measurable and comparable, and being dynamic and stable.
2.2 Construction of Indices
Based on the above-mentioned principles, this study constructed an evaluation index system for sustainable agriculture covering six aspects: agricultural resource endowment, agricultural production level, agricultural science and technology level, ecological, economic, and social benefits. The first three aspects are used to measure a region’s potential for ASD, while the remaining three aspects are used to assess its efficiency.
Agricultural resource endowment reflects the number of natural resources that can be utilized for agricultural development in a region, with a higher score representing more abundant agricultural resources. It comprises three indices that reflect a region’s land resource endowment, cultivated land quality, and ecological and environmental protection. Agricultural production level reveals the utilization intensity of agricultural resources, with a higher score representing higher utilization efficiency, which benefits ASD. It comprises six indices that reflect a region’s water resource utilization efficiency, land resource utilization rate, grain productivity, agricultural mechanization level, scale management of farmland, and production of animal husbandry. Agricultural science and technology level reflects a region’s human resource quality and the importance of the role of science and technology in its agricultural development, with a higher score representing more advanced technologies and better human resource quality, and thus more potential for sustainable agriculture. It comprises four indices that focus on a region’s human resource advantage, training of the agricultural labor force, supply of improved crop varieties, and the contribution of agricultural science and technology to agricultural production. Ecological benefits are an integral part of sustainable agriculture, with a higher score representing a safer and better ecological environment. It comprises six indices, which are important indices of agricultural resource utilization. A higher score of economic benefits represents a more solid economic foundation for sustainable agriculture, with ecological values better converted into economic ones. The five indices are used to measure the economic benefits of a region’s agriculture in terms of aspects such as productivity efficiency, common prosperity, industrial integration, etc. Regarding social benefits, the higher the score, the greater the social contribution, representing a better social foundation for ASD. The five indices measure social benefits in terms of aspects such as a guaranteed supply of essential agricultural products, labor force structure, and the quality and safety of agricultural products.
Based on the above discussion, the present study constructed an RUE-based evaluation index system for sustainable agriculture in Zhejiang Province, as listed in Table 1:
TABLE 1 | The RUE-based Hierarchical Evaluation Index System for Sustainable Agriculture.
[image: Table 1]3 DATA AND EVALUATION METHODS
3.1 Data Sources
The sources of the data used in the present study include Zhejiang Statistical Yearbook (2014–2020), Zhejiang Agriculture Statistical Report (2013–2019), Zhejiang Agricultural Economy Statistical Report (Brief Edition, 2013–2019), “Evaluation of Agricultural Modernization in Zhejiang from 2013 to 2019,” and the Statistical Yearbook (2020) of 11 prefecture-level cities.
3.2 Data Analysis Methods
3.2.1 Normalization of Indices
The present study evaluates the temporal variation in Zhejiang’s ASD from 2013 to 2019, and the spatial variation in sustainable agriculture across Zhejiang’s 11 prefecture-level cities and 25 national ASD pilot demonstration zones in 2019.
First, we assume that there are m objects to be evaluated, and each one has n evaluation indices, and construct a judgment matrix:
[image: image]
(i = 1, 2, …, m; j = 1, 2, …, n).
As the original indices have different units of measurement and optimization directions, they must be normalized to ensure the accuracy of the evaluation results; the normalization process is described as follows:
Normalization of Positive Indices:
[image: image]
Normalization of Negative Indices:
[image: image]
Where [image: image] and [image: image] represent the maximum and minimum values of the jth index, respectively. The decision matrix after normalization is denoted as [image: image], where [image: image] and is a normalized positive index.
3.2.2 Entropy Weight TOPSIS Method
The entropy weight TOPSIS method is essentially an upgrade of the traditional TOPSIS evaluation method, as it determines the weight of each index by the entropy weight method, and constructs the ranking of objects by the TOPSIS approach. The entropy weight method determines the weight of each index based on the information contained in observations, which not only faithfully reflects the importance of an index in an evaluation system, but also reveals the temporal variations in the weights of indices, thus rendering the method suitable for the evaluation of county economic development. TOPSIS is a method that identifies the geometrical distance of each alternative (object) from the positive ideal solution (PIS) and the negative ideal solution (NIS), and ranks the alternatives based on their relative closeness to the ideal solution.
The entropy weight TOPSIS method is described in the following steps:
① Determine the weight of each index.
The determination of the index weight is important in the evaluation by TOPSIS, while the entropy weight method can effectively avoid the interference of subjective factors in the evaluation indices.
Calculate the information entropy:
[image: image]
(Where [image: image]).
Define the weight of the jth index as:
[image: image]
(Where [image: image], and [image: image]).
Calculate the weights of the indices based on the data from Zhejiang Province (see Table 2):
② Rank the alternatives by their distance from the ideal solution using the entropy weight TOPSIS method.
TABLE 2 | Weight of Indices.
[image: Table 2]First, calculate the weighted matrix:
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with the PIS and NIS being [image: image] and [image: image], respectively.
Next, calculate the Euclidean distance D of each alternative from the PIS and NIS:
Euclidean Distance from PIS
[image: image]
Euclidean Distance from NIS
[image: image]
D+ and D−, respectively, refer to the distances of an alternative from the PIS and NIS, with higher values of D+ and D− representing longer distances from the PIS and NIS, respectively. The best alternative has the shortest distance from the PIS (smallest D+) and the longest distance from the NIS (largest D−).
Finally, calculate the relative closeness of each alternative C:
[image: image]
Because the higher the value of D−, the longer the distance from the NIS, a higher value of C represents a better alternative. However, it is worth noting that C is a relative rather than an absolute value; thus, the PIS and NIS of evaluation indices at the provincial, city, and county levels are different, making comprehensive evaluation results incomparable across levels.
4 EMPIRICAL EVALUATION RESULTS
4.1 Provincial Level Temporal Variations (2013–2019)
4.1.1 Steady Progress in Zhejiang’s ASD
Based on the evaluation index system for sustainable agriculture, this study presents the evaluation results of ASD in Zhejiang from 2013 to 2019 using the entropy weight TOPSIS method. Table 3 shows how the ASD index (relative closeness C) for Zhejiang fluctuated between 2013 and 2019, indicating that Zhejiang made steady progress in sustainable agriculture during the period.
TABLE 3 | Evaluation Results of Zhejiang’s Agricultural Sustainable Development (2013–2019).
[image: Table 3]4.1.2 Fluctuating Progress in the Six Evaluation Aspects of Zhejiang’s ASD
Zhejiang made progress in sustainable agriculture regarding the first-level evaluation indices, i.e., agricultural resource endowment, agricultural production level, agricultural science and technology, and ecological, economic, and social benefits. However, despite the overall steady progress in sustainable agriculture at the provincial level, there were wide fluctuations across the years in terms of specific indices (see Table 4).
TABLE 4 | Relative Closeness C and Its Ranking of Zhejiang’s Second-level Indices.
[image: Table 4]Regarding the agricultural resource endowment index, there was significant fluctuation in 2016 (see Table 4). Due to a decrease in the cultivated land per capita, the index dropped in 2016 and gradually rebounded in the following years, due to an increase in the proportion of first-class cultivated land. Overall, Zhejiang was still confronted by a shortage of cultivated land per capita, as the index decreased from 0.61 mu in 2013 to 0.59 mu in 2019. During the same period, the proportion of first-class cultivated land and the forest coverage rate increased, particularly the former, as the two indices increased from 18.17 to 60.82% in 2013 to 26.97 and 61.15% in 2019, respectively.
Zhejiang’s agricultural production level index grew steadily year by year, except for a drop in 2019 compared with 2018, which resulted from the slight decreases in the four indices in 2019 (see Table 4): effective irrigation rate, grain yield per unit area, proportion of cultivated land with scale management, and proportion of hog-scale production. In recent years, Zhejiang has been vigorously promoting agricultural mechanization and the “separation of rural land ownership, contractual rights, and management rights,” leading to its continuous progress in agricultural mechanization and scale management. Specifically, its agricultural mechanization level index increased from 70.35% in 2013 to 81.10% in 2019, while its proportion of cultivated land with scale management increased from 25.08% in 2013 to 29.29% in 2019. However, its multiple cropping index, grain yield per unit area, and proportion of hog-scale production evidently fluctuated during this period.
In terms of the agricultural science and technology level, the index declined slightly in 2016 and 2018 but gained momentum overall, jumping from 0.297 in 2013 to 0.960 in 2019, which was close to the ideal solution (see Table 4). The progress was largely attributable to three factors: First, there was stronger government support for both the training of farmers and rural practical talent and rural entrepreneurship by returning migrants. Consequently, Zhejiang experienced growth in both the proportion of agricultural technicians and the training of rural practical talents, with the two indices increasing from 0.18 to 3.51% in 2013 to 0.26 and 4.25% in 2019, respectively. Second, seed production improved. The seed industry is the “chip” of agriculture, and the coverage rate of improved crop varieties in Zhejiang increased from 68.59% in 2013 to 86.37% in 2019. Third, there was more fiscal investment in agricultural science and technology, with the contribution rate of agricultural science and technology investment increasing from 0.12% in 2013 to 0.28% in 2019.
Regarding ecological benefits, there were wide fluctuations across the years (see Table 4). The index declined in 2015 and 2017 due to more intense use of agricultural plastic film and a lower comprehensive utilization rate of animal manure as resources. With advances in agricultural supply-side structural reform, Zhejiang has made substantial progress in the comprehensive, recycled, and intensive use of agricultural resources. More specifically, the comprehensive utilization rate for clean energy in rural areas increased from 74.52% in 2013 to 86.60% in 2019, while the comprehensive utilization rate for straw and animal manure, both of which are recycled agricultural waste, reached 95.69 and 97.23%, respectively. Meanwhile, Zhejiang has pressed ahead with the “real-name system and quota system for chemical fertilizer and pesticides.” Consequently, the use of chemical fertilizer and pesticides decreased for eight consecutive years in Zhejiang, with the two indices declining from 31.13 kg/mu and 2.10 kg/mu in 2013 to 24.48 kg/mu and 1.30 kg/mu in 2019, respectively.
Zhejiang achieved continuous growth in the economic benefits of ASD, with the index jumping from 0 in 2013 to 1 in 2019; this was because all the five indices reached a low in 2013 and a record high in 2019 (see Table 4). Over the years, agricultural labor productivity, output value per mu, rural per capita disposable income, and the ratio of the leisure agriculture output value to the total output value of agriculture all increased continuously, while the income gap between the rural and urban areas narrowed year by year. More specifically, over the 6 years from 2013 to 2019, Zhejiang’s agricultural labor productivity grew by 17230.11 yuan per capita, the output value per mu by 880.49 yuan per mu, the rural per capita disposable income by 12382 yuan, and the ratio of the leisure agriculture output value to the total output value of agriculture by 0.08 to 0.13. Simultaneously, the income gap between the rural and urban areas narrowed steadily across the years from 2.12 in 2013 to 2.01 in 2019.
Regarding social benefits, the index maintained relatively rapid growth over the years, except for a slight decline in 2014 compared to the value in the previous year (see Table 4). The grain yield per labor force increased continuously from 1,185.86 kg per capita in 2013 to 1,455.52 kg per capita in 2019. In addition to the output growth, Zhejiang has made substantial progress in the quality of agricultural products. The proportion of the production area for “pollution-free, green, and organic agricultural product” certification increased from 48.60% in 2016 to 55.60% in 2019. Moreover, Zhejiang made great progress in the transfer of the agricultural labor force, as the proportion of people working in the primary industry decreased from 13.67% in 2013 to 10.50% in 2019.
4.2 City-Level Spatial Variations (2019)
4.2.1 Overall Situation
Overall, great disparities were found in ASD across Zhejiang’s prefecture-level cities, with its northern regions more developed than the southern ones (see Figure 1); their relative closeness, C, varied between 0.357 and 0.626 (see Table 5). More specifically, the three cities of Huzhou, Ningbo, and Jiaxing were ranked among the first-tier cities of sustainable agriculture, followed by Quzhou, Hangzhou, and Shaoxing in the second tier, Wenzhou, Zhoushan, and Jinhua in the third tier, and Taizhou and Lishui in the fourth tier.
[image: Figure 1]FIGURE 1 | Agricultural Sustainable Development Index (Relative Closeness, C).
TABLE 5 | Evaluation Results of Agricultural Sustainable Development in Zhejiang’s 11 Prefecture-level Cities (2019).
[image: Table 5]4.2.2 Regional Disparities in the Six Evaluation Aspects
As shown in Table 6, the 11 prefecture-level cities clearly varied in terms of the six evaluation aspects, with the regional disparities the most significant in terms of agricultural production level. In terms of this aspect, Jiaxing’s relative closeness, C, was as high as 0.900, while Lishui’s only stood at 0.234, revealing a wide gap of 0.666 among the cities. Agricultural science and technology level exhibited the second-largest regional disparity, as there was a gap of 0.650 in C between Ningbo, which ranked first, and Shaoxing, which ranked last. The third-largest regional disparity lay in economic and social benefits. The difference in C in terms of economic benefits between Ningbo, which ranked first, and Lishui, which ranked last, was 0.505, while that in terms of social benefits between Ningbo and Zhoushan was 0.483. Ecological benefits and agricultural resource endowment exhibited relatively small regional disparities: the difference in C in terms of ecological benefits between Huzhou, which ranked first, and Ningbo, which ranked last, was 0.387, while the difference in terms of agricultural resource endowment between Huzhou and Zhoushan was 0.347.
TABLE 6 | Relative Closeness, C, and the Ranking of Zhejiang’s 11 Prefecture-level Cities in terms of the Six Evaluation Aspects (2019).
[image: Table 6]Regions were compared in terms of the six evaluation aspects. As shown in Figure 2, when land and forest resources are considered, Zhejiang’s northern and southwestern regions were better than its eastern and southeastern ones in terms of agricultural resource endowment. In other words, plains and mountainous areas were endowed with more agricultural resources than coastal (island) areas. Figure 3 shows that in terms of agricultural production level, Zhejiang’s northern areas were superior to its southern ones, revealing the advantage of plains in agricultural mechanization and scale management. Regarding the aspect of agricultural science and technology level, as seen in Figure 4, factors such as the training of agricultural technicians, promotion of improved crop varieties, and investment in agricultural technologies were all subject to government policies. Regarding ecological benefits, the regions varied quite significantly in terms of comprehensive, intensive, and recycled use of agricultural resources, as shown in Figure 5. The top 3 cities were Huzhou, the northernmost prefecture-level city in Zhejiang, Wenzhou, the southernmost, and Zhoushan, the easternmost; in the last two places were Jiaxing and Ningbo, both of which are in the northeastern part of Zhejiang. Regarding economic benefits, regional disparities were most evident in agricultural labor productivity and output value, as shown in Figure 6, with a decreasing trend from Zhejiang’s northeast to its southwest. Concerning social benefits, as shown in Figure 7, the regions differed in terms of guaranteed supply of essential agricultural products, labor force structure, financial support for agriculture, and the building of their agricultural product brands. Overall, Zhejiang’s northern part delivered more social benefits than its southern part, while its western part performed better than its eastern part.
[image: Figure 2]FIGURE 2 | Relative Closeness, C, in Terms of Agricultural Resource Endowment.
[image: Figure 3]FIGURE 3 | Relative Closeness, C, in Terms of Agricultural Production Level.
[image: Figure 4]FIGURE 4 | Relative Closeness, C, in Terms of Agricultural Science and Technology Level.
[image: Figure 5]FIGURE 5 | Relative Closeness, C, in Terms of Ecological Benefits.
[image: Figure 6]FIGURE 6 | Relative Closeness, C, in Terms of Economic Benefits.
[image: Figure 7]FIGURE 7 | Relative Closeness, C, in Terms of Social Benefits.
4.3 County-Level Spatial Variations (2019)
To fully implement the spirit of the 19th CPC National Congress and apply the new development philosophy, China approved the first batch of 40 national ASD pilot demonstration zones (hereinafter referred to as “pilot demonstration zones”) in accordance with two regulations: the “Notice of Eight Departments Including the Ministry of Agriculture and Rural Affairs on Issuing the Scheme for Building National Agricultural Sustainable Development Pilot Demonstration Zones” and the “Notice of the General Office of the Ministry of Agriculture and Rural Affairs on Carrying Out the Selection of First-Batch National Agricultural Sustainable Development Pilot Demonstration Zones.” To better quantify the achievements of the pilot program, the Ministry of Agriculture and Rural Affairs selected a sample of 25 counties (cities and districts) for data monitoring; therefore, they were selected in the present study for the evaluation of ASD at the county level.
4.3.1 Overall Situation
As shown in Table 7, the ASD indices (relative closeness, C) for the 25 pilot demonstration zones in 2019 varied between 0.366 and 0.615. Among them, Yuyao City ranked first, followed by Deqing County and Jiashan County, while Suichang County ranked last, following the Wucheng and Liandu districts. Overall, there were no significant disparities in sustainable agriculture across most zones.
TABLE 7 | Evaluation Results for Agricultural Sustainable Development in 25 Pilot Demonstration Zones.
[image: Table 7]4.3.2 Between-County Disparities in the Six Evaluation Aspects
Regarding the six evaluation aspects (see Table 8), Yuyao ranked first in terms of agricultural production level, economic benefits, and social benefits, whereas Deqing ranked first in terms of agricultural science and technology level and ecological benefits. Regarding between-county disparities, the relative closeness, C, was the highest for agricultural production level (Yuyao, 0.849) and lowest for economic benefits (Taishun, 0.086). Its mean was also highest for agricultural production level (0.598), while it was lowest for social benefits (0.280). The between-county disparity was the most significant in terms of social benefits, with the difference in the value of C reaching 0.597, while it was the least significant in terms of ecological benefits, with a difference of only 0.217.
TABLE 8 | Relative Closeness, C, and the Ranking of 25 Pilot Demonstration Zones.
[image: Table 8]Regarding agricultural resource endowment, the value of C for the 25 pilot demonstration zones varied between 0.232 and 0.642, with Qujiang ranking first, followed by Longquan and Suichang, and Xiaoshan ranking last. The 25 pilot demonstration zones showed great disparities in their cultivated land areas, with a gap of 0.411 between Qujiang and Xiaoshan. However, the growth of the agricultural economy at the county level was not affected by the stock of raw resources, as the more developed districts, such as Xiaoshan, Cixi, and Haining, did not enjoy advantages in terms of agricultural resource endowment. By contrast, the districts endowed with more abundant agricultural resources, such as Longquan and Suichang, ranked among the bottom.
In terms of agricultural production level, the value of C for the 25 pilot demonstration zones varied between 0.338 and 0.849, with Yuyao ranking first, followed by Jiashan and Haining, and Suichang ranking last, following Taishun and Liandu. The gap between Yuyao and Suichang was 0.511; however, despite a few exceptions, the between-county disparities were generally small. Mountainous and hilly areas, constrained by their landforms, have difficulty developing large-scale, intensive, and mechanized agricultural production, leading to a relatively low production level.
Regarding agricultural science and technology level, the value of C for the 25 pilot demonstration zones varied between 0.129 and 0.616, with Deqing ranking first, followed by Anji and Longyou, and Suichang ranking last, following Dinghai and Cixi. Overall, the 25 pilot demonstration zones made great progress in their agricultural science and technology development; however, between-county disparities were evident, with the gap between Deqing and Shangyu at 0.487. The results also revealed a large disparity between agricultural labor force and government investment in science and technology at the county level.
In respect of ecological benefits, the value of C for the 25 pilot demonstration zones varied between 0.392 and 0.609, with Deqing ranking first, followed by Taishun and Cangnan, and Zhuji ranking last, following Anji and Suichang. Ecological benefits showed the smallest between-county disparity of 0.217, while mountainous areas also had an advantage in terms of the reduced and recycled use of resources.
Regarding economic benefits, the value of C for the 25 pilot demonstration zones varied between 0.086 and 0.656, with Yuyao ranking first, followed by Anji and Xiaoshan, and Taishun ranking last (0.086), following Wucheng and Suichang. Overall, there were evident disparities across the 25 zones, with the difference between Yuyao and Taishun reaching 0.570 (the second-largest), revealing a wide gap in agricultural income and productivity at the county level. Thus, while promoting agricultural productivity and farmers’ living standards, it is also imperative to allow full play to the advantages of regions with higher productivity to increase the productivity and thus the income of farmers in the mountainous areas.
In respect of social benefits, the value of C for the 25 pilot demonstration zones varied between 0.097 and 0.694, with Yuyao ranking first, followed by Longyou and Haining, and Sanmen ranking last, following Xinchang and Wucheng. Overall, the social benefits delivered by ASD showed the largest between-county disparity, as the difference between Yuyao and Sanmen stood at 0.597.
5 CONCLUSION AND IMPLICATIONS
The RUE-based evaluation index system for sustainable agriculture had the greatest weight in the evaluation system, which showed that it was comprehensive, comprising “Wuli (RUE), Shili (sustainability of agriculture), and Renli (sustainability of farmers)” (WSR). Chronologically, Zhejiang made steady progress in its ASD from 2013 to 2019, despite slight fluctuations. Spatially, evident regional disparities were found across its 11 prefecture-level cities and 25 pilot demonstration zones, particularly in terms of the maximum–minimum difference in the value of C; ecological benefits and agricultural resource endowment showed relatively small disparities at the city and county levels. In addition, economic benefits increased substantially over the years and showed a decreasing trend from Zhejiang’s southeast to its northwest. As the 26 mountainous counties scored low in economic benefits, this becomes an urgent issue to be addressed during the establishment of Zhejiang as a demonstration zone for common prosperity. As a resource-limited province, Zhejiang does not enjoy advantages in its agricultural resources. Generally, plain areas have outstanding arable land resource endowments but insufficient forest resources; mountain areas have outstanding forest resource endowments but insufficient arable land resources; island areas have insufficient arable land and freshwater resources; and all resources in semi-mountainous areas are relatively balanced. Comparatively, its land per capita is almost equivalent to that of South Korea, Japan, and the Netherlands, while its cultivated land per capita is close to that of Japan and South Korea. Zhejiang’s forest area per capita is close to that of Germany and South Korea, and its freshwater resources per capita is close to that of the United Kingdom and Japan. For regions with better economic development yet more limited resources, it is imperative to strengthen the intensive and recycled use of resources to comprehensive promote their ASD. Zhejiang’s practices in improving RUE and promoting ASD offer valuable references to other countries.
The first is efficient use of land resources. Cultivated land resources have been found to have far-reaching influences on agricultural production. As plains are more suitable for large-scale, mechanized, and intensive production, they hold an advantage over mountainous and island areas. Facing a shortage of cultivated land per capita and inadequate food supply, Zhejiang was the first province in China to establish functional areas for grain production; the province applied the innovative model of “half-a-ton of grain or a net profit of over 10,000 yuan per mu” and “evaluation only based on the grain output per mu,” ensuring the farming function of 8.1 million mu of grain production areas. In addition, Zhejiang has carried out comprehensive land consolidation and province-wide ecological restoration and optimized the coordination of ecological, agricultural, and construction functions in rural areas. Specifically, it has carried out comprehensive total factor consolidation regarding “farmland, water, forest, roads, and villages,” thus promoting the quality of high-standard farmland. Moreover, Zhejiang has accelerated the building of digital villages and digitization of rural land, enabling the digital registration, transfer, and distribution of scattered farmland among rural households.
Second, there is efficient use of forest and water resources. Zhejiang is confronted by a regional or seasonal shortage of water resources, despite a bare balance between supply and demand. In response, Zhejiang has promoted agricultural water conservation and upgraded its farmland irrigation and drainage systems. It encourages water-saving irrigation in farming and automatic water-saving measures in animal husbandry, and has piloted the water recycling program of “treated waste-water for farmland irrigation.” In addition, Zhejiang has implemented the project of “one village, ten thousand trees,” which aims to plant 10,000 trees, mostly precious or local timber species, in one village, to develop a village-greening pattern of “one product for each village, one scenic view for each road, and one industry for each timber species,” Furthermore, Zhejiang is committed to translating its lucid waters and lush mountains into invaluable assets and ecological advantages into economic ones. By exploring the gross ecosystem production (GEP) accounting system, Zhejiang promotes the coordinated development of its ecological agriculture, industry, and services.
The third reference relates to the introduction and training of the rural labor force. Facing a structural shortage of rural labor force, Zhejiang was the first province in China to promote the campaign for “bringing technologies and funds to villages, and encouraging young people and talent to return to villages.” In addition, Zhejiang has made great efforts to promote the cultivation of new main agricultural management bodies, such as large-scale farmers, family farms, specialized cooperatives, and leading enterprises. By advancing the centralized, continuous, and long-term transfer of rural land to the new main bodies, Zhejiang encourages appropriate scale management in agriculture. Additionally, Zhejiang was also among the first to establish an agronomist college and launch the qualification assessment for senior professional titles for farmers, building a training system with “farmers’ university, farmers’ college, farmers’ school, and field school” at its core.
The fourth relates to efficient use of agricultural material goods. To phase out its traditional production methods featuring high carbon emissions and large material input, Zhejiang has followed through with the requirement for “one control, two reductions, three basics,“1 and promoted the standardization of the industrial chain of green agriculture. Consequently, it was among the first to establish a recycling mechanism for pesticide packaging wastes, with the wastes “collected by market entities, disposed of by professional institutions, and the whole project supported by public finance.” Moreover, Zhejiang has continued with the reform of the “real-name system and quota system for chemical fertilizer and pesticides,” and built corresponding demonstration zones. By substituting organic fertilizer for chemical fertilizer, applying fertilizer based on soil testing, promoting the use of new fertilizer, and advancing the professional and unified prevention and control of pesticide and disease, Zhejiang has built itself into a national model of “pesticides and fertilizer reduction.”
The fifth valuable reference entails empowerment through science and technology. Agricultural science and technology levels were subject to government policies, and policy changes have led to temporal and spatial variations in agricultural science and technology development. Zhejiang has taken the lead in empowering agriculture with science, technology, and mechanization to promote its agricultural productivity and efficiency in an all-around manner and to win the battle for high-quality agricultural development. To advance technological innovation and its application in agriculture, Zhejiang has focused on three aspects: modern agricultural biotechnologies; green, intelligent, and efficient agricultural production technologies; and the quality and life health of agricultural products. Considering its farming conditions, Zhejiang has developed miniature, portable, and versatile agricultural machinery that is suitable for hilly areas, greenhouses, and family farms. With the improvement in the mechanization level of farmland and the combination of agronomy and agricultural machinery, farmers in Zhejiang can use agricultural machinery free from worry and at a more affordable price.
DATA AVAILABILITY STATEMENT
The data are available upon request at full19881129@126.com.
AUTHOR CONTRIBUTIONS
LF contributed to conception and design of the study, performed the statistical analysis and wrote the first draft of the manuscript. XM organized the database. XM and JW wrote sections of the manuscript. All authors contributed to manuscript revision, read, and approved the submitted version.
FUNDING
We appreciate the funds from the National Natural Science Foundation of China (Grant No. 71903178); Soft Science Project of the Science Technology Department of Zhejiang Province (Grant No. 2019C35011); Soft Science Project of the Science Technology Department of Zhejiang Province (Grant No. 2020C35004).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
11
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This article used data from 1980 to 2019 to examine the relationship between financial annexation, financial development, green innovation, and CO2 emissions in China. This review provides vital information to policymakers on how to go to preventative and therapeutic measures to reduce CO2 discharges in many sectors and demonstrates that innovation in the energy sector may help alleviate environmental change through energy productivity. The review used an autoregressive disseminated slack (ARDL) model to determine the dynamic coefficients for both the study’s long- and short-term periods. This study used the autoregressive circulated slack (ARDL) approach since it performs better than any alternative strategies in small cases, as was the case in this research. The ARDL and DARDL models show that CO2 emissions in China are increasing as a result of increased energy consumption and economic growth. Based on the findings, it is advised that China’s approach creators take on such sustainable power sources and improve them so that they may help meet the growing need for energy by replacing outdated traditional energy sources like coal, gas, and oil with them.
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INTRODUCTION
Since the 1950s, increasing air and water pollution levels have become a major source of public concern in developed nations. Although natural solutions have improved air and water quality, CO2 emissions have increased, and biodiversity has been lost, proving that economic mobility is still impracticable. According to the Paris report, global, territorial, and public finance tools should be developed to support bankable low-carbon initiatives, particularly in the creation of economies of scale (Paris COP21, 2015). According to the 2021 CAT report for China, there are structures in place for horizontal and vertical climate coordination. China has institutional frameworks in place to mobilize and manage climate finance. However, to date, the government has struggled to raise adequate funding for climate action, China has no long-term strategy for de-carbonization. Contrastingly, FA can be beneficial to the environment via emission mitigation. For instance, FA can assist businesses to gain access to low-cost financial products and services to boost their investments in green technologies (Le et al., 2020; Sun et al., 2021). Moving green advancement innovation and knowledge allows greater green advancement to increase their income and reduce their outside development costs (Fernando and Wah, 2017). In Central China, the problem of growing pollution and squanders is more fundamental. Several factors contribute to China’s GDP growth rate of 9.7% per year, including high asset utilization and toxins ageing rates (Zhang and Wen, 2008). Renzhi and Baek (2020) postulated that inclusive financial systems contribute to economic expansion by boosting ecological quality. Theoretically, FA can exert both negative and positive effects on environmental quality. Since the mid-1980s, China has seen an increase in environmental pollution due to development projects, which has been widely praised (Zeng et al., 2005). According to Usman et al. (2021), inclusive financial services attract research and development and FDI inflows that help to boost ES. While the connection between economic growth (FD) and ES has been expansively explored, for instance, Zeeshan et al. (2021) for developed high-income countries; Jalil and Feridun (2011) for BRI countries, the number of studies on the association between FA and ES are extremely scarce.
We contributed to the literature by adopting the dynamic ARDL estimator of Jordan and Philips (2018) to explore the marginal impacts of the predictors on the criterion variable. This technique is advantageous because it builds on the conventional ARDL estimator and thus offers more valid and reliable outcomes. Finally, aside from foreign direct investment (FDI) that was included in the model to test whether the hypothesis of pollution haven or pollution halo existed for China, the study also controlled for trade openness (TO), population growth (POP) and energy consumption (EC) to help minimize omitted variable bias (OVB) issues. The DARDL approach is also advantageous to other econometric methods in that it can automatically plot the graphs of the positive and negative influences of predictors on the explained variable (Qin et al., 2021) that also investigated the connexion amidst FA, FD and ES, failed to use this robust econometric technique. Zaidi et al. (2021) affirmed FA as detrimental to ES. Despite the growing interest in the topic of late, empirical evidence within the context of China is lacking to the best of the researcher’s knowledge. Therefore, an exploration to examine the FA and ES connection in China was essential. China’s attempt to mitigate CO2 emissions capacity to climate-related impacts is ineffective compared to other developing economies. Therefore, it was worthwhile to undertake this study to help the country contribute to the global fight against climate change and its adversities. This study bridges the above gap by examining the nexus amidst the series in China. Appropriate policy options help the country attain low CO2 emissions. The study is sought to explore the influence of FA, FD on ES in China after a thorough review of the literature. Secondly, unlike prior studies that measured FA by only a variable, this research employed the PCA technique to construct a FA index (FAI) for the analysis. This study is essential because it comes out with recommendations to help combat climate change and promote sustainable development in the country that expanding FA effectively improves the climate resilience of vulnerable groups (Renzhi and Baek, 2020).
The rest of the paper is divided into parts. In Literature Review, the results of previous researchers are summarized as a literature review. Research Methodology discussed the study’s methodology and econometric explanation. Results and Discussions summarizes the findings and subsequent discussions. Conclusion discussed the results and future strategies for the research.
LITERATURE REVIEW
Financial Annexation
Renzhi and Baek (2020) examined that improvements in green financial services helped boost ecological quality in the countries at the later stages. Due to a lack of resources, a rapidly growing population, financial anxieties, and environmental damage, policymakers find it difficult to develop policies that can be supported (Ji and Chen, 2017). Usman et al. (2021) determined a strong connection between FA and environmental degradation in the fifteen highest CO2 emitting nations globally. Le et al. (2020) chose the diverse proxies of FA and reasonable adjustments to the specified model. They advocated for incorporating the variable into the emission mitigation strategies of the nations to help advance ecological quality. Sun et al. (2021) environmental degradation encouraged by the FA was found to link carbon dioxide emissions into the atmosphere directly. Financial progress cannot occur without financial inclusion. According to Maity (2019), FA is a system that makes it possible for individuals and enterprises to acquire financial goods and services that are acceptable, reasonable, and available when they need them. The goal of financial actions is to speed up economic growth, which raises more energy demand, increasing CO2 emissions, which harms people’s lives and well-being. Efforts to make financial goods and services available and cheap to everyone, regardless of personal wealth or company size, are referred to as financial annexation (FA) by Sun and Razzaq (2022) used five proxies of FA to study the link between FA and CO2 emissions in China. Four out of the five indices of FA were shown to have an impact on ES in the country, according to ARDL estimations. There is a strong case to be made that FA played an important part in the global effort to combat climate change. Studies on the FD-ES relationship were also included in the FA and ES literature, following Qin et al. (2021).
Financial Development
Yao and Zhang (2021) used the ARDL approach to conduct a study of China. According to the survey, FD’s income and substitution impacts on CO2 emissions were categorized. Discoveries show FD’s substitution effect worsens ES, while the income effect promotes environmental quality in the country. As Musa et al. (2021) found, the environmental performance of the nations they studied was positively linked to financial development (FD). Szymczyk et al. (2021) examined the FD-ES link in OECD nations, and FD worked to reduce emissions around the world. According to Hayat et al. (2021) two-step system GMM estimates, FD decreased the countries of concern’s effective standard deviation (ES). Environmental quality in the country degraded due to FD, Akinsola et al. (2021). Sun et al. (2020), FD harms ES across nations. In China, Zahoor et al. (2021) found that FD boosted economic growth at the expense of ES, which is consistent with previous research. DARDL estimations that FD damaged ES in the nation were examined (Khan et al., 2020).
Green Innovation and CO2 Emissions
Murad et al. (2019) determined that the CO2 emissions reduced due to green technology advancements that focus on transportation, building and farming. According to Khan et al. (2021), growth in the population directly impacts energy consumption, which in turn has a direct impact on fossil fuel byproducts. Khan et al. (2020) financial annexation, foreign direct investment (FDI), and the use of oil speeding up environmental pollution rate. In addition, the use of dirty energy in manufacturing, industry, and other economic activities is stimulated by inclusive financial services, leading to additional emissions (Zaidi et al., 2021). Ecological pollution is outer conduct in modern creation and utilization, and contamination discharges conduct dictated by market systems is ineffective. Using the environmental innovation patent as an indicator of China’s level of green innovation development, Sun et al. (2007) were able to assess the regional disparities between natural mechanical advancement levels in China using the core part inquiry technique. Antonioli and Mazzanti (2017) described that a green economy and green industry might exceed automatic progress, with both good and bad effects on the environment pollution. Green development is an outstanding mechanical improvement that may reduce pollution discharges, expedite asset utilization, and endeavour to manage natural resources (Braun and Wield, 1994). An important part of economic growth is expanding the financial sector and institutions in a country through financial annexation (Le et al., 2020). Companies may be compelled by environmental agreements to reduce their usage of low-warming-value and high-contamination assets and switch to environmentally-friendly electricity, which aids in energy conservation and reduces discharges (Sohag et al., 2015). Far-reaching analysis techniques are being used to evaluate a particular water environmental development pilot city (Tian et al., 2021). According to Li and Du (2021), the spatial overflow effect of natural guidelines on green development proficiency is based on Chinese city-level information.
Foreign Direct Investment Impact and CO2 Emissions
One of the most important and often-examined aspects of foreign direct investment (FDI) is the possibility of unaffordable climate-related expenditures (Zhu et al., 2016). Lee (2009) used the ARDL bound test to investigate the link between FDI and Malaysia’s fossil fuel byproducts. Internal foreign direct investment (IFDI) may harm the environment if it occurs simultaneously as a rise in natural resource extraction (Cole et al., 2011). The EKC was authorized for use as an example since Hitam and Borhan (2012) found that FDI has a detrimental impact on fossil fuel byproducts. According to, foreign direct investment (FDI) stimulates trendsetting technologies and creates a clean environment. For environmental change strategies to be successful, we must focus on reducing climate-warming emissions by increasing renewable energy, energy efficiency, and foreign direct investment (FDI). Chinese researchers have discovered a favourable correlation between the monetary turn of events and energy consumption, as measured by the proportion of credit in economic organizations to GDP and the fraction of FDI (Xu, 2012).
RESEARCH METHODOLOGY
Data Collection Procedure
For the convenience of 450 firms’ statistical data from 1980 to 2019 related to financial annexation index (FAI), economic development (FD), foreign direct investment (FDI) collected from China Statistical Yearbook, China Stock Market & Accounting Research Database (CSMAR), and Shenzhen stock exchange. The environmental sustainability (ES), Green Innovation (GI), energy sources are collected from China Statistical Yearbook on Environment, China Statistical Yearbook on Science and Technology and China Energy Statistical Yearbook. FDI and ES information advantages were further from their mean characteristics because they had big standard deviations than were CO2 emissions, FA, PU, and ES information advantages. In addition, the flow of lnCO2 skew to the right. The left tail of the variable’s dispersion was longer and included a large portion of the variable’s information. Although the distributions of various variables were slanted to the left, a greater part of their information was on the right, and the left tail of their conveyances was lengthier. In addition, there was no evidence of collinearity between the indicators according to the FA and resistance tests. Long overdue, the CO2 emissions of FA, ES, FDI, and FD were categorically linked to the CO2 emissions.
Model Specifications and Econometric Descriptions
Human and industrial activity is the primary source of climate change worldwide. Greenhouse gas emissions. China’s carbon-intensive activities are a major contributor to this scourge. To our knowledge, there has been no study that specifically examined the link between financial annexation (FA) and environmental sustainability (ES) in China, despite the numerous studies on ES in the country. Because of this, an investigation into the relationship between FI and ES was deemed necessary to come up with recommendations for improving environmental quality in the country. Here is a function that was presented to achieve that goal:
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Environmental sustainability (ES) is the explained variable epitomized by CO2 emissions, while the financial annexation index (FAI) is the main predictor of concern. Also, foreign direct investment (FDI) was incorporated into the function for China. Finally, financial development (FD), Green innovation (GI) and environment sustainability (ES) were included in the function as control variables to help mitigate omitted variable bias. The above process is expressed in a linear form as;
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In equation-2, β1, β2, β3, β4 and β5 are the parameters of FAI, FDI, FD, GI and ES respectively, while t symbolizes the studied country. also, a0 is the constant term, while μt represents the stochastic error term. Ruzi et al. (2021), natural logarithm takes on both sides of equation-2 resulting in the ensuing specification;
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Where lnCO2, lnFAI, lnFDI, lnFD, lnGI and lnES are the log conversions of the output and the input variables correspondingly, and all earlier definitions still hold. FAI was incorporated into the analysis in line with Renzhi and Baek (2020). The coefficient of FAI was expected to be greater than zero [image: image] if financial inclusivity led to increased manufacturing and industrial activities that could worsen ES in the country (Zaidi et al., 2021). Otherwise, the parameter of FAI was to be less than zero, [image: image], if financial inclusivity provided incentives for firms to invest in green activities that could enhance ES in the country (Le et al., 2020). The coefficient of FDI was projected to be positive [image: image], that the quality of the country’s impaired the environment. Otherwise, the influence of FDI on emissions was negative [image: image] if FDI inflows were linked to clean technologies that could add to the country’s ecological quality. FD be incorporated into the model. The trade parameter was to be greater than zero [image: image] if the trading transactions between China and its counterparts were connected to carbon-intensive items that could harm ES in the country. Otherwise, the coefficient of the variable was to be less than zero [image: image], if the government’s trading activities and allies were linked to green technologies that could boost the country’s ecological quality (Sun et al., 2020). Following Rahman and Vu (2021), Introduced GI into the framework. The projected marginal impact of GI on CO2 emissions to be positive [image: image], if GI resulted in increased industrial and manufacturing activities detrimental to ES in the country. Otherwise, the marginal effect of GI on emissions was to be negative [image: image], if GI was affiliated to eco-friendly manufacturing and industrial activities that could stimulate ES. Finally included the ES in the analysis. The parameter of EC was expected to be greater than zero [image: image], if the energy consumed in the execution of economic activities were from high polluting sources that could harm ecological quality in the country. Otherwise, the coefficient of EC was to be less than [image: image], if the energy utilized in the execution of economic activities were from renewable and other clean sources that could boost ES in the country.
Econometric Metaphors
Because certain econometric methods require variables to be integrated of a certain order before they could be employed, our exploration primarily examined the integration order of the series via the DF-GLS, PP, ADF and the KPSS unit root tests. Secondly, the ARDL bound test alongside the Johansen test was conducted to assess the cointegration attributes of the series. Following Pesaran et al. (2001), the model developed for the bound test was specified as;
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Where ϕ0 is the intercept and ∆ denotes the change operator. Also, t − 1 symbolizes the lags selected based on the AIC, while the parameters to be estimated are represented by ϕ and β. Under the bond test, the null and the alternative hypothesis are expressed as;
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The rule of the bound test is that if the upper determined value is lesser than the F-value computed, then the series are co-integrated. Contrastingly, if the lower bound value supersedes the F-statistic, the series are not co-integrated. Finally, if the computed F-statistic lies within the lower and the upper bounds, the decision becomes inconclusive. To assess the vigorousness of the bound test, the Johansen cointegration test was also conducted. This test, named after Søren Johansen, allows more than one cointegration association amidst series and is more applicable than other tests based on only one cointegration relationship. Another key feature of this test is that it treats every variable as an endogenous variable. This test comprises two tests, namely the maximum Eigenvalue test and trace test. The hypothesis of the trace test is stated as;
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Where K0 is set to zero to examine will not validate the null hypothesis, and if not validated, Co-integration exists amidst the series. The maximum Eigenvalue test hypothesis, on the other hand, is stated as;
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There is only one possibility for the series to be stationary in the above if K = K0 and the null hypothesis is not validated. There are M probable linear countries if K0 = m − 1, and the null hypothesis is rejected. After the tests for cointegration, we then estimated the short and the long-run parameters of the series via the dynamic ARDL (DARDL) estimator of Jordan and Philips (2018) and the ARDL estimator. Notably, the ARDL technique was employed to test the vigorousness of the DARDL estimator. The ARDL approach is beneficial because it performs better for small sample-sized datasets and also accommodates very large general lag structures (Pesaran et al., 2001) and the ARDL model formulated to explore the long-run affiliation amidst the series was expressed as;
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Where σ symbolizes the long-run variance and t−1 are the lags chosen via the AIC. For the short-run ARDL model, developed the following specification.
[image: image]
The short-run variance is denoted by σ and IRSt−1 is the error correction term with ϕ being its coefficient. ARDL models are commonly used to investigate the relationship between variables, but their results can be difficult to understand and interpret because they generally contain multiple or differential lags. Also, sampling uncertainty could be high if the rate of convergence towards the long-run relation is slow and the time dimension is not long enough. The DARD can also plot the graphs of the positive and negative influences of predictors on the explained variable (Jordan and Philips, 2018. There should also be a cointegration association between the variables of concern (Jordan and Philips, 2018). The DARDL technique uses up to 5,000 simulations and is specified by Sarkodie et al. (2019) as;
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In Eq. 13, Δ(y) denotes the change in the output variable, α0 is the intercept, t − 1 represents the lag of all predictors, p and q symbolize the lags of the first difference of the response variable and the regressors respectively, Δ is the operator of change, and u is the stochastic error term. Concerning Equation #13, developed the ensuing DARDL error correction specification to explore the connotation amidst the series;
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Where Δ and α0 denote, the difference operator is the intercept. Also, θ′S and β′S are the long-run and the short-run coefficients to be estimated respectively. Finally, u is the residual term at time t. Therefore following Qamruzzaman and Jianguo (2020), the VECM of, which generates reliable results in time series analysis, was adopted to unearth the causations amidst the series. In exploring the causal connections amidst the series, utilized the following dynamic error correction models;
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A vital attribute is lacking by the conventional ARDL technique. According to Jordan and Philips (2018), the DARDL approach applies if the criterion variable has an I(1) integration order. The predictors may, however, possess an I(1) or I(0) integration order or both but must not exceed demand I(1).
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The parameter of the IRS measures the adjustment speed from the disequilibrium to the equilibrium association and usually falls within the range of -1 to 0 (Khan et al., 2020). According to Khan et al. (2020), the disequilibrium or the volatility is adjusted when the error correction coefficient becomes negative and significant.
[image: image]
Also, serial correlations in the error terms were assessed via the Breusch-Godfrey LM test, while the Ramsey RESET test was performed to check for model accuracy. According to Qin et al. (2021), regression estimators do not comment on causal associations amidst series.
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Moreover, if a dataset has a random trend, the dynamics in an ARDL model will approximate this trend instead of modelling the true dynamics (Pesaran et al., 2001).
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Various diagnostic tests were conducted to authenticate the validity of the model. In line with Khan et al. (2020), the ARCH and the Breusch-Pagan-Godfrey trials assessed heteroscedasticity in the residual terms while undertaking the Jarque-Bera test to check for residual normality.
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Jordan and Philips (2018) detected loopholes in the ARDL technique and came out with the DARDL approach to improve the situation. Aside from estimating the long and the short-run connections amidst series.
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In the equations above, [image: image] is the constant term, while the estimated parameters are epitomized by ϕ. Also, IRSt−1 is the error correction term, while ∅ the error correction coefficient measures the speed of adjustment towards the equilibrium. In other words, ∅ shows how inconsistencies from the long-term stability are rectified. Also, ∆ signifies the difference operator, while q is the optimal lags selected via the AIC. Finally, μ is the residual term serially uncorrelated around a mean of zero, while t is the study period.
RESULTS AND DISCUSSIONS
Table 1 shows the descriptive statistics for the variables. ES had the greatest average value in the table, whereas CO2 emissions had the lowest. Data values for CO2, FAI, FD, GI were all close to their mean values, whereas FDI and ES data values were distant from their mean values due to substantial standard deviations in these data sets. LnCO2 absorptions were also found to be biased to the right. A big portion of the variable’s data was on the left, while the tails of its distribution were longer on the right side.
TABLE 1 | Descriptive statistics.
[image: Table 1]Their data was more likely to be found on the right side of the distribution, and they had a longer left tail than the other variables. Additional data showed that the dataset of ES had larger tails than the normal distribution. In contrast, the dataset of the other variables had lighter tails than the normal distribution due to their kurtosis values being less than and shows in correlation analysis in Table 2 as follows.
TABLE 2 | Correlational analysis.
[image: Table 2]Government projects supported by green money are large-scale speculations with more risks and more complicated framework cooperation, making it difficult to achieve extraordinary returns on green investment, as shown in Table 3. Positive external conditions and low project profitability increase investment risk in promoting green growth of the substance sector. The government’s role is to reduce the expense of consistency for businesses while defining natural standards. According to one perspective, the goal of the biological approach should be to keep up with the actions of the assembling industry by further creating frameworks for ecological data disclosure and honest management.
TABLE 3 | Principal components analysis on financial Annexation index (FAI).
[image: Table 3]Unit Root and Cointegration Tests Results
Many statistical tests and models in time series analysis rely on static data. The DF-GLS, PP, KPSS and ADF unit root tests were used to get an idea of the series’ fixed qualities. The DARDL estimator may be used because, as shown in Table 4, all strings are stationary at the order I(1). A shift in time did not alter the form of the distributions of the variables after their first differentiation. This revelation is in agreement with Sun et al. (2021) investigations. The series may have a cointegration relationship if they have an integrated I order (1).
TABLE 4 | Unit root tests results.
[image: Table 4]Thus, the tests in Table 5 were used to examine the cointegration characteristics of the series in the second stage of the experiment. The F-test and t-test values were significantly higher than the upper boundaries, confirmed by significant approximate p-values. The series had a long-term cointegration relationship.
TABLE 5 | Cointegration tests results.
[image: Table 5]Estimates from the Johansen test in Table 6 compared to the boundaries test to ensure that the results were accurate. All the cointegration equations To establish this long-term relationship between variables were statistically significant. Following this discovery, the next step was to investigate the predictors’ parameters parallel the results of Musah et al. (2020).
TABLE 6 | Johansen cointegration test results.
[image: Table 6]Dynamic ARDL Recreations Results
To estimate the elasticity of regressors the cointegration of the series must be confirmed. As a third stage, the researchers used the DARDL estimator to examine the marginal effects of the predictors on the criterion variable. Table 7 shows that FAI’s growing carbon emissions in China affected ES. To put it another way, a one % increase in FAI impacted the long-term and short-term ES of 6.284 and 4.953%, respectively. Accessible financial services may boost industrial and manufacturing activity, which leads to an increase in emissions. Economic growth may lead to a rise in carbon dioxide emissions, according to Zhao et al. (2021). Findings suggest that financial inclusion allowed people to obtain low-cost financing for polluting household equipment, which eventually degraded the country’s environmental quality. Companies could get low-cost facilities to purchase energy-intensive equipment and machinery, which resulted in more emissions because of financial inclusiveness. Financial inclusiveness may have led to a rise in the nation’s gross fixed capital formation, resulting in increased energy consumption and an increase in the nation’s effluents. These results differ from previous research, which found an inverted U-shaped relationship between FA and carbon effluents in 103 countries. Depending on the stage of FA, its impact on the outflow of carbon varies, according to Renzhi and Baek (2020).
TABLE 7 | DARDL and ARDL estimation results.
[image: Table 7]Furthermore, FDI contributed to China’s environmental damage. For every 1% increase in FDI, the country’s environment was worsened by 1.167 and 0.937% in both the long and short term (PHH). To escape the costs of rigorous environmental restrictions, polluting companies, according to the PHH, relocate their activities to jurisdictions with low ecological standards. Because of this, China’s environmental standards were inadequate, which enticed high-polluting firms to set up shop in China. It appears that FDI inflows boosted economic activity in the country, which led to an increase in the use of polluting energy sources and, as a result, emissions. FDI is critical to China’s economic survival; however, more environmental laws are needed to prevent toxic organizations from other countries. Incoming foreign direct investment (FDI) should be tied to environmentally friendly new technology and manufacturing methods. According to Gyamfi et al. (2021), the study’s findings support the halo theory. Halo theory claims that FDI inflows are linked to green technology, managerial skills, and high manufacturing standards that increase ES in the host nations invested. As a result, fluctuations in FDI can lead to reductions in emissions in the countries.
DARDL and ARDL Estimation Results
Furthermore, FD was unfriendly to China’s ecology. A 5% increase in foreign direct investment (FDI) impacts the country’s environment by 5.221% in the long term and 1.491% in the near term. The study suggests that China’s openness to trade with its allies has weakened trade-related environmental regulations. Carbon-intensive goods were imported, which led to increased emissions across the country. China’s economy grew in tandem with its increased commerce with other countries, increasing greenhouse gas emissions due to the scale effect exploratory studies of the data; in China, GI also aggravated ES. When all else is equal, a 1% increase in GI reduces the country’s environment by 5.532% over the long term and 3.721% over the short time. Human activities are largely to blame for growing pollution levels across all economies. Thus this revelation comes as no surprise. China’s GI rate was expected to climb, which would lead to an increase in pollution in the environment. Increased demand for fossil fuels has also contributed to environmental contamination in the country due to the growing rate of genetically modified organisms (GI). The long and short-term effects of a 1% increase in ES were 4.257 and 2.252%, respectively, when all other factors remained constant.
According to these findings, the nation’s industrial and commercial activity was powered by carbon emissions through dirty energy usage. China’s expanding environmental concerns necessitate the use of renewable energy sources deemed favourable to health and the environment. In addition to boosting the country’s economic growth, a shift to clean energy consumption might also help the country’s transition to a more sustainable economy. Renewable energy will help the country tackle climate change, but Lag error correction (IRSt-1) was also negative and substantial, as predicted. The first-1 score of -0.886 indicates that any divergence from long-run equilibrium was recovered at a rate of 88.6%. ARCH and Breusch-Pagan-Godfrey tests found that the residuals were homoscedastic. In addition, the Ramsey RESET test proved that the model was well-specified. Adjusted R2 indicates that 84.1% of the variation in ES can be assigned to the predictors, while the significant F-value reflects the model’s ability to explain the data accurately and efficiently. An enhanced version of the ARDL estimator, DARDL, has been developed in Table 7.
As a result, estimations of the ARDL approach were also examined for robustness purposes. In both the long and short term, FAI harmed ES. Also, FDI, FD, GI, and ES harm the country’s environmental health and the R2 value; the first-1 was statistically insignificant at the 1% level, whereas the regressions accounted for a considerable portion of the variance in the response variable. In addition, the F-statistic value using this technique indicated that the model had a very high predictive potential and the elasticity of the predictors under the two estimators varied in terms of weight and significance. Still, they were similar in terms of a sign. Because of this, it is clear that the findings are reliable and may be used to make policy choices. Table 8 shows the diagnostic tests used to verify the model’s validity.
TABLE 8 | Results of pairwise granger causality tests.
[image: Table 8]According to Qin et al. (2021), Relapse examinations do not provide granular data on the causative link in the middle of a series. Since all the IRS’s in Table 8 were negative and large, there was a long-term causal link between the series. FAI was shown to directly correlate with natural contamination in the short-term causation between the information and the result components. The inclusion of money into the economy boosted consumer interest, increasing utilization-based emissions. When enterprises could access cash flow, they used high-contaminating energy that weakened the country’s environmental quality, directly resulting from financial incorporation. It Showed the FDI and natural debasement to have a two-way concision. FDI inflows did not advance ES in China this correlation, which suggests that the series were unified, such that a flood in one variable triggered an increase in the other. As a result, not professionals’ natural laws are strictly controlled to attract FDI convergences with environmentally friendly technologies.
Furthermore, FD contaminated the country’s natural resources. China exchanged carbon-concentrated goods that harmed the country’s environmental sustainability (ES), and the expansion of dirty energy sources accelerated biological pollution in this country. China to switch to efficient power sources that have been proven to be environmentally friendly and the DARDL assessor that it can automatically draw the diagrams of the positive and negative consequences of regressors on the regressed individual.
CONCLUSION
This research examined the relationship between economic development, environmental progress, and CO2 emissions from 1980 to 2019. The study applied the ARDL and Dynamic ARDL methods to the long-term relationship between the components. Environmentally friendly green innovation was negatively impacted by high energy costs, which found that the country’s financial annexation and financial development had a substantial influence on CO2 emissions. The Chinese economy appears untouched by financial development or improvements in CO2 emissions. As the availability of alternative energy sources, a person’s ability to pay significantly impacts the type of energy. Renewable energy sources have a favourable environmental impact and considering the positive influence that economic advancement is having on environmentally friendly energy sources, policymakers of China. The effect of monetary rise on sustainable power usage varies by region and nation. The link between financial advancement and sustainable power utilization remains an important issue of debate in theoretical and experimental investigations. According to the contaminated safe house idea, foreign direct investment (FDI) damaged the country’s inherent character, and the country’s GI and ES methods should work in concert with one another.
Additionally, implementing energy conservation measures to help reduce the country’s increasing emissions levels will be advantageous. The government should incorporate FA, FDI, FD, GI, and GI into its efforts to reduce emissions of fossil fuel byproducts. Another factor to consider is that monetary improvement might enhance the creative movement and usefulness of financial substances, lower the use of conventional energy, and generate a desire for new forms of alternative energy.
Future Suggestions
To conclude, it is time to embrace mechanical advancements related to reducing the environmental pollution. One of the major limitations in this inquiry is the lack of easy access to data. The data for some of the variables didn’t go back far enough. In the end, the dataset’s missing data is filled in using the information interjection and extrapolation approach. Consequently, comparison studies might be conducted in the future to verify the validity of the findings of this analysis.
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Green innovation has become a critical measure to address the sustainable development challenges of manufacturing industries, and research has largely neglected the important role of managers as decision-makers within firms. Using a sample of China’s listed manufacturing firms from 2009 to 2019, this study explores the impact of market competition and financialization on corporate green innovation and examines the moderating effect of market competition. The main findings are as follows. First, intense market competition may inhibit corporate green innovation in the context of the Chinese market. Second, managers are willing to sacrifice firms’ long-term interests in exchange for profits in the short run. Third, market competition alleviates the negative association between financialization and corporate green innovation, indicating that the interactions between manufacturing firms may alter managers’ preferences for financial investment. In addition, our study explores heterogeneous impacts of market competition and financialization on corporate green innovation, and the empirical results are consistent with our findings in most cases. Our findings provide support for rational resource allocation in green innovation and can be used to guide manufacturing firms to achieve their goals of sustainable development.
Keywords: green innovation, market competition, financialization, manufacturing industries, sustainable development
INTRODUCTION
The manufacturing industry is a fundamental driving force behind the creation of social wealth, and its development has significant impacts on economic and social well-being. According to a report published by the United Nations Industrial Development Organization (UNIDO) in 2020, high human development index scores are obtained by industrialized countries with high manufacturing value-added per capita (UNIDO, 2020). Human development index values can be used to cluster countries corresponding to industrial development: the countries with higher human development index values belong to the group of industrialized economies whereas lower human development value index values are commonly found in less developed countries, such as some African countries. Therefore, the development of the manufacturing industry plays an important role in promoting social progress, especially in developing countries. However, the development of the manufacturing industry increases the burden on the environment and constrains sustained economic development. With low energy efficiency, manufacturing firms consume a large amount of energy, which makes it one of the largest emitters of greenhouse gas emissions. The Intergovernmental Panel on Climate Change (IPCC) points out that in 2010, the greenhouse gas emissions of manufacturing industries accounted for more than 30% of the world’s total, much more than those of other industries (IPCC, 2014). In addition, manufacturing firms discharge air pollutants, such as PM2.5, during production processes, which causes great harm to public health (Fang et al., 2020).
To properly deal with the contradiction between environmental and economic benefits, managers have increasingly focused on corporate green innovation. Also known as eco-innovation and environmental innovation, green innovation has attracted extensive attention from both academia and industry in recent years. Among existing studies, the definition from OECD (2009) is most representative. It considers green innovation as resulting from a reduction of environmental impacts, regardless of whether the effect is intended, and points out the focal areas of green innovation, including marketing methods, organizations, and institutions. Referring to definitions from other studies (Schiederig et al., 2012; Castellacci and Lie, 2017; El-Kassar and Singh, 2019), two major distinctions of green innovation can be identified: one focusing on its purpose of reducing negative environmental impacts, and the other being its scope, which may go beyond the conventional organizational boundaries of an innovating organization and involve broader social arrangements that trigger changes in existing socio-cultural norms and institutional structures. Based on these notions, numerous studies have demonstrated the positive impact of green innovation on a firm’s development. They indicate that firms can obtain good reputations, build a green image, meet the needs of stakeholders, and achieve long-term business performance by conducting green innovation activities (Hur et al., 2013; Xie et al., 2019). While some studies have emphasized the benefits of green innovation, others have focused on its barriers and challenges. They demonstrate that financial barriers have a more negative impact on green innovation than traditional innovation, as green innovation is characterized by high technical risk and a long payback period (Ghisetti et al., 2017). Firms’ innovation experience is identified as a green innovation barrier, followed by low willingness to pay, high development costs, high commercial uncertainty, and a lack of a favorable political framework (Stucki, 2019). In addition, some studies have explored the motivations and drivers and found that regulatory and customer pressure are the main factors in promoting green innovation (Huang et al., 2016; Ullah et al., 2021), while other factors, such as technological capabilities, customer green demand, and environmental organization capabilities are also important (Cai and Li, 2018).
The majority of the studies on green innovation drivers focus on drivers at the institutional and market levels while overlooking the role of managers as decision-makers. Managerial decisions directly determine firms’ investment strategies, which have a significant influence on the development of firms’ green innovation activities. Managerial decision-making is subject to both external and internal governance mechanisms. As an external governance mechanism, market competition affects managerial decision-making on corporate green innovation through interactions with the firms’ internal governance mechanisms. On the one hand, market competition restrains managers’ short-sighted behavior through the external governance effect and the innovation incentive effect, thereby promoting investment in corporate green innovation. On the other hand, intense market competition reduces firms’ market share, raises the costs of production factors, increases firms’ marketing costs, and further erodes the profitability of manufacturing firms, which ultimately inhibits managers’ motivation to invest in innovation activities.
In terms of the internal governance mechanisms, conflicts of interest between managers and shareholders are inevitable in the light of agent theory. Considering its risk of failure and long return cycle on investment in the light of the environmental externalities, managers have less motivation to invest in corporate green innovation (Lee and Kim, 2011; Abdullah et al., 2016), and tend to make short-sighted operational decisions that align with their interests. Limited resources are then invested in financial assets with the potential to only increase short-term economic gains, especially in the context of lower returns on investments in the real economy compared to that of financial assets. Therefore, the agency-based problems between managers and shareholders could significantly affect the decision-making related to resource allocation, which, ultimately, can impact corporate green innovation.
In recent years, with the rapid development of China’s manufacturing industries, severe environmental problems have attracted extensive attention from all sectors of society. According to the 2018 China Statistical Yearbook, the manufacturing industry contributes 27.84% to gross domestic product (GDP), while accounting for 61.88% of total energy consumption, making it the largest emitter of greenhouse gas emissions in China (Jin and Han, 2021). The World Bank also points out that nearly 70% of China’s environmental pollution and 72% of greenhouse gas emissions can be attributed to the manufacturing industry (Li and Zheng, 2017). China does not want to sacrifice environmental protection to promote economic growth, which erodes the profitability of the real economy, especially in manufacturing firms. In this context, managers in manufacturing industries seek approaches for improving firms’ profitability and pay more attention to the excess profits in the finance and real estate sectors. As a result, they increase investment in financial assets in exchange for higher returns, which further aggravates the financialization of manufacturing firms. As shown in Figure 1, it is noteworthy that the emission of air pollutants increases with the competition of China’s manufacturing industries. Moreover, the change of financialization in manufacturing industries is consistent with the proportion of the population exposed to PM2.5, reflecting that the financialization of manufacturing firms may crowd out investment in green innovation, thus resulting in negative impacts on the environment.
[image: Figure 1]FIGURE 1 | The financialization and concentration of China’s manufacturing industries and PM2.5.
Using a sample of China’s listed manufacturing firms from 2009 to 2019, this study explores the impact of market competition and financialization on corporate green innovation. The main contributions of this study are as follows. First, our findings examine the effectiveness of Schumpeter’s innovation theory in the fields of green innovation, suggesting that intense market competition may inhibit corporate green innovation in the context of the Chinese market. Second, our findings explain why manufacturing firms are distracted from their intended purpose in the context of the agent theory, revealing that the managers’ decision preferences on financialization can significantly undermine firms’ sustainable development abilities. Third, our findings demonstrate the role of market competition in altering managers’ preferences for financial investment, implying an interactive mechanism between external and internal governance mechanisms.
This paper is structured as follows: Hypotheses Development provides the literature review and proposes the research hypotheses. Research Design describes the research design. Empirical Results presents the empirical results. Discussion discusses the findings from the empirical results. Conclusions and Policy Recommendations provides the conclusions and recommendations.
HYPOTHESES DEVELOPMENT
Market Competition and Corporate Green Innovation
As an external impact on managers’ decision-making, market competition is likely to have a far-reaching impact on corporate innovation activities. Studies on how market competition influences corporate innovation can be classified into two broad categories: those claiming that a competitive environment is unfavorable for corporate innovation and those proposing that market competition motivates managers to pay more attention to corporate innovation. Among the studies that support the positive role of market competition on corporate innovation, Arrow (1962) is representative. Arrow (1962) considered that corporate innovation is conducive for firms to reduce production costs and earn innovation profits under competitive environments, which motivates managers to conduct corporate innovation activities. In a monopoly market, monopoly profits minimize the motivation to develop corporate innovation, and thus monopolies become content with the status quo. By studying nearly 4,000 enterprises in 24 transitional countries, Carlin et al. (2004) found that firms’ production efficiency and innovative capabilities are enhanced under a competitive environment, which supports the perspective of Arrow (1962). By contrast, Schumpeter (1942) pointed out the negative impacts of market competition on corporate innovation. Schumpeter considered corporate innovation as an endogenous product in the production process, and substantial investment is required to conduct corporate innovation activities. Hence, a strong market position is a necessary guarantee for firms to develop corporate innovation, indicating that large firms have more innovative capabilities. In addition, Schumpeter considered that large firms could achieve monopoly profits, which could make up for the corporate innovation investments and fund more corporate innovation projects. Therefore, a monopoly market is conducive for corporate innovation. Moreover, Schumpeter (1942) suggested that innovators only enjoy temporary monopoly rent, as their technological advantages over new entrants decrease over time and their innovations are finally replaced by rivals’ innovations due to technology spillover. This effect is intensified by fierce market competition, which further shortens the period in which innovators maintain a competitive advantage over their followers (Chen and Liu, 2019). Specifically, intense market competition decreases both innovators’ profits and patent price, thus abating innovators’ motivation to incorporate corporate innovation activities (Nie et al., 2021).
Schumpeter’s findings are supported by other studies. In terms of free competition theory, competition decreases the rents of the monopolist and reduces its market share, resulting in declining profits in the long run. Under such circumstances, firms will have fewer resources, especially fewer financial resources, to invest in corporate innovation, and are likely to encounter difficulties when trying to recover potential investment in new technologies (Felisberto, 2013). From another perspective, large firms tend to produce innovations than small firms for the potential higher valuation they would get in the stock market, which explains the fact that more and higher quality innovations are produced by leading firms in the British market (Blundell et al., 1999). Similar findings are also observed in the Australian market, where a positive correlation between innovation expenditure and excess stock returns is found within large firms operating in concentrated industries, suggesting the positive role of the monopoly market in stimulating corporate innovation (Gallagher et al., 2015). When it comes to green innovation, existing studies provide support to Schumpeter’s findings as well. For instance, a study shows that the positive correlation between CEO foreign experience and corporate green innovation is more pronounced in less competitive markets (Quan et al., 2021). Intense market competition aggravates the negative relationship between labor costs and corporate green innovation, indicating the negative role that intense market competition brings (Gong et al., 2020).
Because of environmental externalities, innovators take a long time to integrate the environmental and conventional attributes of corporate green innovation, and they turn environmental attributes into competitive advantages through the continuous accumulation and improvement of technology (Shang et al., 2021). Throughout integration, technology spillover can reduce innovators’ expected payoff from corporate green innovations, which is further reduced as market competition increases. Therefore, this study proposes the following hypothesis:
H1: Market competition inhibits corporate green innovation.
Financialization and Corporate Green Innovation
At the macro level, financialization refers to both the increasing ratio of financial profits to total profits in non-financial sectors and the increasing ratio of the value-added in the financial industry to GDP (Luo and Zhu, 2014). As financialization of macroeconomics is transmitted at the enterprise level, studies have shown that more non-financial firms are becoming involved in financial investments, and a growing share of their income originates from financial markets, which increases their financial burden (González and Sala, 2014). This phenomenon has brought widespread concern. Existing studies mainly focus on the causes of financialization, from different aspects. From the perspective of corporate governance, Davis and Kim (2015) believed that the orientation toward shareholder value is an important factor for financialization, and they mentioned that the business philosophy of “maximizing shareholder value” (MSV) is a non-negligible factor for the financialization of non-financial firms in the United States. Plys (2014) considered the decline in the rate of profit in real industries as a direct reason for the financialization of non-financial firms, pointing out that non-financial firms tend to increase holdings of cash assets as profit rates decline, thus leading to financialization. Xu and Xuan (2021) pointed out that a firm’s level of income from its core business activities directly determines its financial investment behavior. Specifically, in the context of an unfavorable operating environment, it is difficult for firms to obtain satisfactory investment returns through their core business activities. Therefore, they are inclined to invest in the financial industry, which typically offers high returns in the short term.
Given the importance of firms’ innovation capabilities, researchers have explored the relationship between financialization and corporate innovation. Gehringer (2013) considered financialization as being conducive to corporate innovation, pointing out that it could improve the liquidity of assets and realize their preservation to provide further financial support for corporate innovation in the future. Ding et al. (2021) supported that financialization strengthens firms’ capacities to cope with liquidity risk and financial constraints, as financial assets are characterized by strong liquidity and broad market trading. Therefore, firms will have sufficient economic resources to conduct corporate innovation activities by making a financial investment. Other studies have shown that financialization in business performance improvement can enhance firms’ credit ratings, thus strengthening their external financing abilities, enabling them to obtain the funds required for corporate innovation activities. By contrast, most existing studies point out the negative role of financialization on corporate innovation, emphasizing the crowding-out effect of financialization. Tori and Onaran (2018) studied the financial data for non-financial-listed enterprises in the UK from 1985 to 2013 and found that financialization crowds out firms’ investment in the real economy, which is represented by the decline in firms’ investments in fixed assets. Huang et al. (2021) pointed out that the purpose of enterprise financialization is to pursue profit maximization when the rate of return of financial asset investment is higher than that of real economic investment. Hence, enterprises tend to pay more attention to the benefits brought by financial assets in the process of asset allocation, thus reducing capital investment in R&D activities, such as for green innovation. Huang et al. (2021) studied the heterogeneous impact of financialization on corporate green innovation. Empirical results showed that financialization in both state-owned enterprises (SOEs) and private enterprises inhibit corporate green innovation, with the inhibitory effect being more pronounced in private enterprises. Financialization in enterprises inhibits corporate green innovation, with the inhibitory effect being more pronounced in high-polluting enterprises. Financialization in enterprises with low financial constraints inhibits corporate green innovation, whereas the impact of financialization in enterprises with high financial constraints on corporate green innovation is not significant. All these empirical findings support the crowd-out effect of financialization, indicating its negative impact on corporate green innovation.
As decision-makers of a firm, managers determine the business strategy and investment decisions. Therefore, the value orientation of managers directly determines firms’ green innovation strategy. However, in the context of the agent theory, managers are willing to increase financial investments to enhance a firm’s short-term performance on behalf of their interests in the context of low return on investment in the real economy, thus crowding out investment in corporate green innovation. In addition, considering the long return cycle of corporate green innovation and the potential risks at the development and implementation stages, managers are more likely to ignore the environmental benefits brought by green innovation and reject green innovation projects that bring positive benefits over the long run, which contradicts shareholders’ interests in the long run. Therefore, this study proposes the following hypothesis:
H2: Financialization inhibits corporate green innovation.
Market Competition and Financialization
As an important external governance mechanism, market competition effectively conveys information about firms’ business performance, alleviates the agency problem within the firm, and affects managers’ preference for investment. According to the free cash flow hypothesis, managers are motivated to enlarge the enterprise scale to control more resources (Jensen, 1986). Affected by short-sighted value orientation, managers do not abide by the optimal investment rule, pay less attention to projects that could create sustainable value over the long run, and pursue short-term benefits for their interests. This is shown by their efforts to enhance short-term profits at the expense of long-term value (Bebchuk and Stole, 1993). However, intense market competition alleviates the information asymmetry between shareholders and managers. Shareholders can comprehensively grasp the operation status of the firm and evaluate the value of long-term investment, which restrains the over-investment behavior of managers. Existing studies also show that the over-investment behavior of managers is inhibited and efficiency of investment is improved under a competitive market (Laksmana and Yang, 2015). Moreover, market competition could mitigate the agency problem through the business stealing effect. Under intense market competition, the business stealing effect is amplified, eliciting higher agent effort to improve management quality.
Overall, intense market competition alleviates the agency problem within a firm and inhibits managers’ short-sighted behavior. Therefore, this study proposes the following hypothesis:
H3: Market competition alleviates the negative correlation between financialization and green innovation.
The framework of theoretical research in this study is presented in Figure 2.
[image: Figure 2]FIGURE 2 | The framework of the theoretical research.
RESEARCH DESIGN
Models
To test the hypotheses proposed in Hypotheses Development, this study uses panel data models to analyze the association among market competition, financialization, and corporate green innovation. Considering the influence of potential endogeneity, independent variables and control variables lag 1 year and the dependent variable is in its current value. The empirical models also control the year- and industry-fixed effects. The basic empirical models are as follows:
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In Eqs 1–3, [image: image] represents the corporate green innovation of firm i in year t [image: image] represents the degree of market competition of the industry of firm i in year t-1. [image: image] represents the financialization of firm i in year t-1. [image: image] represents the profitability of firm i in year t-1. [image: image] represents the growth rate of operating profits of firm i in year t-1. [image: image] represents the current assets of firm i in year t-1. [image: image] represents the free cash flow of firm i in year t-1. [image: image] represents the shareholding ratio of top ten shareholders for firm i in year t-1. [image: image] represents the number of independent directors for firm i in year t-1. [image: image] represents the company age of firm i in year t-1. [image: image] controls the year-fixed effects and [image: image] controls the industry-fixed effects. [image: image] is the error term. Eq. 1 is used to examine the impact of market competition on corporate green innovation. If [image: image] is significant, then market competition will have an impact on corporate green innovation. Eq. 2 is used to analyze the relationship between financialization and corporate green innovation. If [image: image] is significant, then there is a relationship between financialization and corporate green innovation. Moreover, we combine market competition and financialization in Eq. 3 to analyze the association between market competition, financialization, and corporate green innovation.
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The relationship between financialization and corporate green innovation may be affected by market competition, indicating that market competition may have a moderating role in this relationship. Therefore, this study introduces the interaction term of market competition and financialization ([image: image]) into Eq. 3. Eq. 4 will be used to test whether there is a moderating effect between market competition and financialization.
Variables
Dependent Variables
Corporate green innovation (GI) represents the green innovation capability of non-financial firms. Due to the difficulties in evaluating and quantifying corporate innovation, researchers consider the number of patent applications as an important indicator of corporate innovation (Lindman and Söderholm, 2016). Referring to the definition of a patent in the law of the People’s Republic of China, this study measures corporate green innovation by summing the total number of green inventions and green utility models applied by the firms.
Independent Variables
Market competition (Competition) represents a business environment, in which different firms compete with one another solely on the merits of their goods and services. As an external mechanism for disciplining managers, market competition can affect managers’ decision-making around green innovation. Widely used indicators of market competition in the existing literature include the Herfindahl Index (HHI) and the Concentration Ratio (CR), with the former calculated as the sum of squares of the market shares of the firms in an industry which ranges from near 0 to 1.0; the latter is calculated as the sum of the market share percentage held by the largest specified number of firms in an industry. Because the Herfindahl Index takes into account the distribution of firms with different sizes in the industry, it can more accurately reflect market competition compared to the Concentration Ratio (Pavic et al., 2016). Therefore, this study selects the Herfindahl Index as a measure of market competition. Referring to Dhaliwal et al. (2014), this study builds a new variable (Competition) for ease of illustration:
[image: image]
The closer the variable is to -1, the less competitive the market is; the closer the variable is to 0, the more intense the market competition becomes.
Financialization (FIN) represents the proportion of firms’ investments in financial assets, which can produce more operating profits from the financial and real estate industries. In terms of the asset structure, firms’ assets can be categorized as operating assets and financial assets. Referring to Demir (2009), this study measures the financialization of manufacturing firms using the ratio of financial assets to total assets. Based on Chinese Accounting Standards, financial assets include derivative financial instruments, trading financial assets, net financial assets available for sale, net long-term investments on bonds, net hold-to-maturity investments, net short-term investments, disbursement of loans and advances, long-term financial equity investments, net investment properties, and entrusted investments and trust products in other liquid assets.
Control Variables
Following previous studies, this study selects control variables from corporate finance, corporate governance, and corporate characteristics, all of which can affect corporate innovation. We include return on assets (ROA) to control for the role of internal resources in financing innovation (Amore et al., 2013); the amount of sales revenue (Sales) to control for the firm size, as large companies have more complex activities (Kanakriyah, 2021); the number of liquid assets (Liquidity) to control for firm’s risk-taking behaviors, as firms with stable earnings streams can afford to take risks (Chun and Lee, 2017); free cash flow (CF) to control for firm’s over-investment behavior, as over-investment increases with firm’s internally-generated cash flow (Jiang, 2016); the shareholding ratio of top ten shareholders (Hold) to control for control rights of the major shareholders (Lin and Luan, 2020); board size (Board) to control for the supervisory effectiveness of the independent board (Zhuang et al., 2018); and the firm age (Age), as older firms tend to have fewer incentives to innovate (Lin et al., 2011). Table 1 provides definitions of all variables used in the empirical analysis.
TABLE 1 | Variable definitions.
[image: Table 1]Data Sources
Using the sample of China’s A-share listed firms on the Shenzhen Stock Exchange and the Shanghai Stock Exchange from 2009 to 2019, this study examines the impact of market competition and financialization on corporate green innovation in the manufacturing industry. There are two reasons for selecting manufacturing firms as samples. First, manufacturing firms usually face problems with pollution control. With increasing emphasis placed on environmental protection by regulatory authorities, manufacturing firms have a strong motivation for green development. Second, the financialization of non-financial firms has been a popular topic, and manufacturing firms account for the majority of non-financial firms. This study uses 2009 as the first year of the sample period because the Ministry of Ecology and Environment of the People’s Republic of China published the “National Environmental Protection Technology Evaluation and Management Measures” in 2009 to promote the progress of environmental protection technology, improve the investment benefits of environmental protection, standardize the evaluation of environmental protection technology, and provide guidance for the development of the green innovation activities of enterprises. This study uses 2019 as the last year of the sample period because the pandemic in 2020 had a profound impact on the real economy, changing the modes of production and operations of manufacturing firms to a great extent. Therefore, this study sets 2019 as the end year of the sample period to avoid the “noise” of the economic shock.
The main data sources of this study are the Chinese Research Data Services Platform database and the China Stock Market and Accounting Research (CSMAR) database. The green innovation data are derived from the Chinese Research Data Services Platform database, and both the data for market competition and financialization are derived from the financial statement database of the CSMAR database. For control variables, the data on corporate finance and governance are derived from the CSMAR database. All continuous variables are winsorized at 1% at both tails, which can minimize the influence of extreme values in the empirical analysis.
EMPIRICAL RESULTS
Descriptive Statistical Analysis
Table 2 presents the descriptive statistics of all variables used in the empirical models. The mean and standard deviation of green innovation are 13.6512 and 49.9545, respectively, with a minimum value of 0 and a maximum value of 1,494, indicating the significant differences in the green innovation of manufacturing firms. The mean and standard deviation of market competition are −0.1004 and 0.0857, respectively, with a minimum value of −1.0 and a maximum value of 0, demonstrating the intense competition among manufacturing firms. For the financialization of manufacturing firms, the difference between the maximum (0.8976) and the median (0.0256) is large, indicating that more than half of manufacturing firms are overly reliant on financial assets. For the co-variates, the means of ROA and Sales are 0.0386 and -0.0642, respectively, indicating both the low profitability and weak growth of manufacturing firms. It is also noteworthy that the difference between the minimum and the maximum values of Sales is large, reflecting the divergence in the operating status of manufacturing firms. The mean and standard deviation of Liquidity are 0.5786 and 0.1691, respectively, which indicates that the distribution of current assets in high-polluting industries is balanced. For cash flow, the mean and median are 153.9021 and 42.2751, and the minimum value and the maximum value are −47,232.9840 and 65,257.4800, respectively, which demonstrates that most manufacturing firms have tight cash flows. Ownership concentration (Hold), board size (Board), and company age (Age) are in the normal ranges and require no further discussion.
TABLE 2 | Descriptive statistics.
[image: Table 2]The results of the Pearson correlation matrix are reported in Table 3. The correlation coefficient between COMPETITION and GI is −0.051, significant at the 1% level, indicating that there is a negative association between market competition and corporate green innovation, and also indicating that intense market competition could inhibit corporate green innovation. The correlation coefficient between FIN and GI is −0.011, significant at the 1% level, showing that there is a negative association between financialization and corporate green innovation thus indicating that financialization of manufacturing firms could also inhibit corporate green innovation. The absolute correlation coefficients between all co-variates and innovation are <0.5, which indicates that independent variables and control variables can effectively describe corporate green innovation.
TABLE 3 | Pearson correlation matrix.
[image: Table 3]Baseline Model Regression Results
To explore the impact of market competition and financialization on corporate green innovation, this study uses empirical models based on Eqs 1–4 to test the hypotheses proposed in Hypotheses Development. Referring to Dechezleprêtre et al. (2013), this study uses negative binomial regression to estimate the coefficients of these models considering the distribution characteristics of green innovation data. First, univariate analysis is used to explore the impact of market competition or financialization on corporate innovation in manufacturing industries. Then, co-variates are introduced into the regression analysis. Finally, the interaction between market competition and financialization is examined. The baseline results of overall samples are reported in Table 4.
TABLE 4 | Baseline results of overall samples.
[image: Table 4]In Table 4, columns 1) and 2) show the impact of market competition and financialization, respectively, on corporate green innovation without considering the co-variates. The coefficients of market competition and financialization are -2.661 and -0.868, respectively, and significant at the 1% level. After introducing the co-variates, the results in columns 3) and 4) indicate that both market competition and financialization have a negative correlation with corporate green innovation. Results show that strong profitability, smooth cash flow, concentrated ownership structure, and a large number of independent directors have a positive correlation with corporate green innovation. Column 5) explores the impact of market competition and financialization on corporate green innovation, and the coefficients of market competition and financialization are -1.648 and-0.972, respectively, significant at the 1% level. The results in columns (1)–5) demonstrate that both market competition and financialization inhibit corporate green innovation. These results support H1 and H2 proposed in Hypotheses Development. The moderating effect of market competition is shown in column (6). The coefficient of the interaction term (COMPETITION*FIN) is 9.089, significant at the 1% level, indicating that market competition alleviates the negative correlation between financialization and green innovation, which supports H3. The findings suggest that financialization crowds out manufacturing firms’ investment in green innovation, while the interaction between firms alters managers’ preferences for financial investment, especially under intense market competition.
Heterogeneity Analysis
Ownership
Firms with different property rights usually implement different investment strategies, which lead to different corporate innovation behaviors. According to Schumpeter’s theory, large firms usually have stronger market power than small and medium-sized firms, meaning they are more capable of conducting corporate innovation activities. In China, state-owned enterprises (SOEs) usually have a solid market position and advantages in assets and technology compared to non-SOEs, which strengthen their capabilities in carrying out corporate green innovation activities. In addition, SOEs have a close relationship with the government and usually have policy advantages, allowing them to obtain more public resources, including capital, land, and technology (Ruiqi et al., 2017). By contrast, non-SOEs are more vulnerable to market competition. Non-SOEs are at a disadvantage compared to SOEs in terms of scale, technology, and financing capabilities, meaning that they have to develop new technologies and products to find space for survival and opportunities for development. For this reason, this study divides the research samples into a subsample of SOEs and a subsample of non-SOEs (Table 5).
TABLE 5 | Regression results of SOEs and Non-SOEs.
[image: Table 5]In Table 5, columns 1) and (2), respectively, show the impact of market competition and financialization on corporate green innovation in the subsample of SOEs. The coefficients of market competition and financialization are -1.555 and -2.265, respectively, significant at the 1% level, indicating that both market competition and financialization inhibit corporate green innovation for SOEs, which is further supported by the results shown in column (3). The results of column 4) indicate that market competition weakens the negative correlation between financialization and green innovation in the subsample of SOEs. Columns 5) and (6), respectively, show the impact of market competition and financialization on corporate green innovation in the subsample of non-SOEs. The coefficient of financialization is -1.300 and is significant at the 1% level, suggesting that the financialization of non-SOEs inhibits corporate green innovation. However, the impact of market competition on corporate green innovation is not significant, which could be explained by the fact that managers of non-SOEs can formulate green innovation strategies under an intensely competitive environment. The results in column 8) show that the moderating effect of market competition is not significant in the subsample of non-SOEs. According to the empirical results in Table 5, financialization limits corporate green innovation for both SOEs and non-SOEs. Market competition has an inhibitory effect on corporate green innovation in the subsample of SOEs while weakening the negative correlation between financialization and green innovation.
Financial Constraints
China’s financial system is a bank-oriented system that requires commercial banks to allocate financial resources through indirect financing, leaving limited external financing channels for enterprises, especially for small and medium-sized enterprises. The moral hazard and credit rationing caused by the information asymmetry between firms and commercial banks extend firms’ credit constraints, thereby further increasing financial constraints at the macro level. Financial constraints significantly affect managers’ decision-making on investments and, therefore, have a far-reaching impact on corporate innovation behavior (Chang et al., 2019). Referring to Hadlock and Pierce (2010), this study calculates the levels of financial constraints faced by manufacturing firms in the Chinese market. The research sample is divided into two subsamples: one with low financial constraints (financial constraint is higher than the median) and one with high financial constraints (financial constraint is lower than the median). The regression results of different financing constraints are reported in Table 6.
TABLE 6 | Regression results of different constraints.
[image: Table 6]In Table 6, columns 1) and (2), respectively, explore the impact of market competition and financialization on corporate green innovation under high financial constraints. The coefficient of market competition is −1.155, significant at the 10% level, and the coefficient of financialization is not significant, indicating managers’ motivation for precautionary reserves to make financial investments. In the results of column (3), the coefficient of market competition is −1.161, significant at the 10% level, and the coefficient of financialization is not significant. The moderating effect of market competition under high financial constraints is shown in column (4), and the results indicate that market competition alleviates the negative correlation between financialization and corporate green innovation. Columns 5) and (6), respectively, explore the impact of market competition and financialization on corporate green innovation with low financial constraints. The coefficient of market competition is −1.098, significant at the 5% level, and the coefficient of financialization is not significant. As shown in column (7), the coefficient of market competition is -1.196, significant at the 5% level, and the coefficient of financialization is -0.765, significant at the 10% level, suggesting that financialization inhibits corporate green innovation under low financial constraints. Column 8) shows the moderating effect of market competition, and the results demonstrate that market competition does not alleviate the negative correlation between financialization and corporate green innovation under low financial constraints. According to the empirical results shown in Table 6, market competition inhibits corporate green innovation in both samples. In the subsample of high financial constraints, a highly competitive environment may abate managers’ motivation to invest in financial assets, whereas in the subsample of low financial constraints, the effect is not significant.
Pollution Discharge
High-polluting firms are usually strongly motivated to fulfill corporate social responsibility (CSR). From the perspective of altruism, destruction of the ecological environment by manufacturing firms’ production stimulates the civic awareness of managers, who are more willing to fulfill CSR as compensation (Logsdon and Wood, 2018). From an egocentric perspective, high-polluting firms tend to fulfill CSR to earn a reputation for environmental protection. Therefore, CSR of high-polluting firms affects managers’ business philosophy of maximizing profits, resulting in a divergence of business strategies between high-polluting firms and non-high-polluting firms. According to the “Management List of Listed Companies in Environmental Protection Verification Industries,” released by China’s State Environmental Protection Administration in 2008, high-polluting industries include thermal power, steel, cement, electrolytic aluminum, coal, metallurgy, chemical, petrochemical, building materials, paper, brewing, pharmaceutical, fermentation, textile, leather, and mining. This study divides the research samples into a subsample of high-polluting firms and a subsample of non-high-polluting firms. The regression results are reported in Table 7.
TABLE 7 | Regression Results of High-polluting Firms vs. Non-High-polluting Firms.
[image: Table 7]In Table 7, columns 1) and (2), respectively, show the impact of market competition and financialization on corporate green innovation in the subsample of high-polluting firms. The coefficient of market competition is -3.498, significant at the 1% level, indicating that intense market competition inhibits the green innovation of high-polluting firms. The coefficient of financialization is not significant, reflecting the fact that CSR restrains the managers of high-polluting firms from expanding the scale of financial assets with the motivation of maximizing profits. In the results shown in column (3), market competition inhibits corporate green innovation (-3.544, significant at the 1% level), whereas the impact of financialization on corporate green innovation is not significant. The moderating effect of market competition on high-polluting firms is shown in column (4), and the results indicate that market competition does not alleviate the negative correlation between financialization and corporate green innovation. Columns 5) and (6), respectively, show the impact of market competition and financialization on corporate green innovation in the subsample of non-high-polluting firms. The coefficients of market competition and financialization are -2.394 and -1.701, significant at the 1% level. In the results of column (7), the coefficients of market competition and financialization are −2.512 and −1.884, respectively, significant at the 1% level, indicating that without the constraints of CSR, managers of non-high-polluting firms increase financial investment for their interests, while crowding out investments in corporate green innovation. Column 8) explores the moderating effect of market competition on non-high-polluting firms, and the results demonstrate that market competition alleviates the negative correlation between financialization and corporate green innovation. According to the empirical results in Table 7, market competition inhibits corporate green innovation in both samples. Subject to corporate social responsibility, managers of high-polluting firms have strong preferences for corporate green innovation instead of financial investments. By contrast, managers of non-high-polluting firms have strong motivation to make financial investments, and their preferences for financial investment would be largely altered under intense market competition.
Environmental Protection Policy
Reasonable environmental policies not only stimulate firms’ continuation of innovation activities but also create an innovative compensation effect, the benefits of which exceed even the direct cost brought by environmental regulation, which ultimately improves firms’ economic and environmental performances. From one perspective, reasonable environmental policy improves managers’ environmental recognition, which motivates managers to strengthen green innovation investment. From another perspective, managers regard green innovation as a response to environmental policies, which can further alleviate the pressure brought by environmental policies. In 2014, the Ministry of Ecology and Environment of the People’s Republic of China improved The Environmental Protection Law, controlling pollution discharge and encouraging more efforts toward environmental protection. Therefore, this study divides the research into a subsample before 2014 and a subsample after 2014. The regression results of different periods are reported in Table 8.
TABLE 8 | Regression results of different periods.
[image: Table 8]In Table 8, columns 1) and (2), respectively, show the impact of market competition and financialization on corporate green innovation before 2014. The coefficients of market competition and financialization are -2.788 and -1.443, respectively, significant at the 1% level. In the results shown in column (3), there is a negative correlation between either market competition or financialization and corporate green innovation, supporting the results shown in columns 1) and (2). This implies that both market competition and financialization inhibit corporate green innovation before the environmental policy. This could be explained by the managers’ preference for financial investment without environmental obligations before the environmental policy. The moderating effect of market competition before 2014 is shown in column (4), and the results indicate that market competition cannot alleviate the negative correlation between financialization and corporate green innovation. Hence, under lax environmental policy, interactions between firms in a competitive market environment do not affect managers’ investment preferences. Columns 5) and (6), respectively, show the impact of market competition and financialization on corporate green innovation after 2014. The coefficient of market competition is -1.409, significant at the 1% level, whereas the coefficient of financialization is not significant. In the results shown in column (7), there is a negative correlation between market competition and corporate green innovation, whereas the impact of financialization on corporate green innovation is not significant. Column 8) explores the moderating effect of the market competition after 2014, and the results demonstrate that market competition alleviates the negative correlation between financialization and corporate green innovation. According to the empirical results in Table 8, with the strict environmental policy, market competition efficiently alters managers’ preference for financial investment, ensuring increased investment in corporate green innovation.
DISCUSSION
As an indicator of the national productivity level, the manufacturing industry is a driving force that promotes the development of the economy; however, a series of environmental problems have attracted much attention. To alleviate the sharp conflicts between firm development and environmental protection, managers of manufacturing firms have realized the important role of green innovation in firms’ sustainable development. However, due to the agency problem between shareholders and managers, managers of manufacturing firms often make short-sighted business strategies on behalf of their interests, shown by increased investment in financial assets to achieve short-term economic benefits. Market competition also has a significant impact on managers’ decision-making on corporate green innovation. Because of environmental externalities, innovators take a long period to integrate the environmental and conventional attributes of corporate green innovations, and they turn the environmental attributes to their competitive advantage through the accumulation and improvement of technology. However, the potential competitiveness obtained from corporate green innovation is likely to be imitated and surpassed as competition in the markets increase. The period in which firms maintain a competitive advantage over competitors will be shortened as market competition increases, reducing managers’ motivation to invest in corporate green innovations (Chen and Liu, 2019). Nevertheless, market competition alleviates the negative correlation between financialization and corporate green innovation, indicating that interaction between firms alters managers’ preferences for financial investment. As an external governance mechanism, market competition is an effective means to reduce agency costs by effectively conveying information about firms’ business performance and alleviating the information asymmetry between shareholders and managers. Market competition could elicit higher agent effort, reducing managers’ incentives for myopic behaviors. The empirical results of this study are consistent with the findings of Liu et al. (2021) and Huang et al. (2021).
Our study also explores the heterogeneous impacts of market competition and financialization on corporate green innovation. In terms of different ownerships, the financialization of both SOEs and non-SOEs inhibits corporate green innovation. With a strong external financing capability, SOEs are inclined to have more idle funds than non-SOEs, enabling managers to increase investment in financial assets. However, intense market competition alleviates the information asymmetry between managers of SOEs and government shareholders, thus strengthening managers’ motivation to develop green innovation activities to show their diligence, which is consistent with the findings of Rong et al. (2017). By contrast, non-SOEs are more vulnerable to intense market competition. Therefore, managers from non-SOEs must strengthen green innovation investment, to build a technology barrier and win market share. As for financial constraints, firms under high financial constraints are willing to increase financial investment with the motivation of precautionary reserves to cope with underlying business risk and smooth future cash flow, which they do by holding liquid financial assets. Therefore, the financialization of firms under high financial constraints does not inhibit corporate green innovation. By contrast, under low financial constraints, firms are inclined to over-invest in financial assets, which supports the findings of Jia and Zhou (2021). Furthermore, under intense market competition, firms increase investment in the main business in the face of uncertainties to regain market share from competitors and maintain their market position, forcing them to move scarce resources toward production and operations. Regarding high-polluting firms, financialization does not inhibit corporate green innovation in the light of CSR, which is similar to the findings of Cegarra-Navarro et al. (2016). By contrast, the financialization of non-high-polluting firms inhibits corporate green innovation due to a lack of CSR obligations. In addition, market competition inhibits corporate green innovation regarding both high-polluting firms and non-high-polluting firms. Finally, reasonable environmental policy can regulate managers’ conduct on financial investment, nudging them toward increasing green innovation investment in response to the supervision of regulators. Further, environmental policy also arouses the environmental recognition of managers. Therefore, managers have more motivation to invest in corporate green innovation while curbing investment in financial assets, which is consistent with the findings of Huang and Chen (2022).
CONCLUSIONS AND POLICY RECOMMENDATIONS
Conclusion
Green innovation is a crucial instrument allowing manufacturing firms to balance the relationship between economic value creation and sustainable development. However, previous research has largely neglected the role of managers, whose decisions directly determine firms’ investment strategies, which have a significant influence on the development of firms’ green innovation activities. Using the sample of China’s listed manufacturing firms from 2009 to 2019, this study explores the relationship between market competition, financialization, and corporate green innovation in the Chinese market. The main conclusions are as follows.
First, intense market competition may inhibit corporate green innovation in the context of the Chinese market, which accords with Schumpeter’s innovation theory. Second, managers’ decision preferences on financialization will crowd out firms’ investments in corporate green innovation, which would significantly undermine firms’ sustainable development abilities. Third, market competition has a moderating effect on the relationship between financialization and corporate green innovation, indicating the role of market competition in altering managers’ preferences for financial investment. Finally, regarding the heterogeneous impacts of market competition and financialization on corporate green innovation, the empirical results from other studies are consistent with our findings in most cases.
Recommendations and Limitations
As the backbone of the real economy, the manufacturing industry is a driving force behind national economic development. Hence, the rational decision-making of managers is crucial to the sound development of the manufacturing industry, which can create extensive social value. According to the theoretical and empirical analysis, this study has some implications as follows.
At the firm level, managers of manufacturing enterprises should continue firms’ long-term value creation, reduce reliance on financial investment, and increase input into corporate green innovation, as green innovation is instrumental to the long-term sustainable development of manufacturing firms. Although financialization can improve firms’ short-term business performance, it crowds out investment in corporate green innovation, damages firms’ long-term competitive advantages, destroys firms’ long-term value creation, and thus negatively impacts the long-term interests of shareholders and stakeholders.
At the government level, policymakers should develop a proper understanding of the impact of market competition on green innovation. While intense market competition could inhibit green innovation, its role in alleviating the agency problem within firms and altering managers’ preference for financial investment cannot be ignored. Therefore, policymakers should prevent excessive competition by setting up an industry admittance threshold and reinforcing the protection of intellectual property. They should also ensure fair competition among manufacturing firms by boosting the competitiveness of small and medium-sized firms. In addition, policymakers should strengthen the regulations on financial markets, prompt financial institutions to focus on their main business, make their services accessible to small and micro businesses, strengthen their ability to serve the wider economy, and prevent distractions from their intended purpose.
This study has three main limitations. Considering the availability of data, this study selects A-share-listed manufacturing companies in the Chinese market as research samples without consideration of other unlisted companies. Thus, the findings of this study might not completely represent the characteristics of the manufacturing industry in the Chinese market. In terms of research design, this study only considers the linear effect of market competition and financialization on corporate green innovation. However, there may be non-linear relationships that influence the accuracy of the empirical findings. In addition, because there might be a balance point between the impact of market competition and financialization on green innovation, further research is needed to identify the optimal proportion of the two.
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By optimizing enterprises’ capital structure, the deleveraging policy has a close relationship with green innovation. Taking the Opinions on Actively and Steadily Reducing Enterprise Leverage issued by the State Council of China in 2016 as an exogenous shock and utilizing the panel date of listed manufacturing enterprises in China from 2010 to 2019, this paper constructs a DID model and conducts a series of robustness tests, which quantitatively confirm that the deleveraging policy can play a positive role in improving enterprise green innovation. Furthermore, heterogeneity analysis reveals that the deleveraging policy can promote the application of green invention patents to a greater extent and has a greater effect on green innovation in state-owned enterprises, large-scale enterprises, technology-intensive enterprises, and enterprises in financially developed regions. Ultimately, the mechanism test confirms that the deleveraging policy provides long-term funds for enterprise green innovation by promoting enterprise equity financing. And with the strengthening of shareholders’ supervision and management, it also effectively ensures the stable development of green innovation.
Keywords: deleveraging policy, green innovation, difference-in-differences model, mechanism analysis, heterogeneity
1 INTRODUCTION
Since the reform and opening up, China’s economy has grown rapidly. However, the extensive economic development pattern has accelerated the energy consumption and increased pollution emissions, which restricted the sustainable development of economy and ecology (Wu et al., 2020a; Zhao et al., 2020). Therefore, it has become a hot topic to coordinate economic development and environmental protection. Existing studies show that green innovation can reduce enterprise pollution emission in productive activities and obtain economic benefits, which is an important way to break the dilemma of limited resources and polluted environment (Jens, 2008; Amore and Bennedsen, 2015; Song and Yu, 2017). In 2015, the State Council of China issued the Made in China 2025 document, which listed green development as one of the basic strategies to enhance comprehensive national strength, and required manufacturing enterprises to build an efficient, clean, low-carbon, and circular green manufacturing system as soon as possible.
In fact, due to the high risk and uncertainty characteristics, green innovation often requires long-term and stable funds (Horbach et al., 2012; Huang and Li, 2015). Thus, enterprise financing ability is one of the key factors to ensure the stable capital investment of green innovation (Xiang et al., 2021). Based on the pecking order theory, when internal financing cannot completely meet enterprises’ demand for funds, debt financing becomes the suboptimal choice of enterprises because it enables enterprises to allocate large capital flow with less cash (Bartoloni, 2013). However, to cope with the high leverage since the publication of Four Trillion Plan policy in 2008, the State Council of China issued the Opinions on Actively and Steadily Reducing Enterprise Leverage (OASREL) in 2016. The OASREL not only requires enterprises to accelerate the liquidation of debt arrears and reduce the scale of loans but also encourages enterprises to develop equity financing. Intuitively, the implementation of deleveraging policy will reduce enterprises’ debt funds and green innovation investment, which seems to have an adverse influence on enterprise green innovation.
Nevertheless, different from general innovation, green innovation has higher risk and uncertainty, which makes it difficult for enterprises to obtain economic benefits in the short term (Xiang et al., 2021). Moreover, the intangible assets of knowledge capital produced by green innovation are also incapable to be utilized as collateral (Lindman and Sderholm, 2015). Therefore, creditors who pursue stable interest income are more sensitive to green innovation, which reduces the willingness of creditors on green innovation (Brown et al., 2012; Hsu et al., 2014). That is, debt financing is probably not the main source of funds for green innovation, and the reduction of enterprise debt funds caused by deleveraging policy may not do substantial harm to green innovation. Moreover, the deleveraging policy promotes enterprise equity financing, whose investors generally pay more attention to long-term benefits of enterprises (Chen et al., 2014). Under the background of rising demand for green development, green innovation can reduce production costs of enterprise, expand competitiveness, and increase profitability by giving green attributes to enterprise products (Amore and Bennedsen, 2015). Hence, equity investors will have stronger preferences for enterprise green innovation (Brown et al., 2012; Brown et al., 2013; Brown et al., 2017; Yang et al., 2020), and the deleveraging policy will play a positive role in promoting enterprise green innovation.
In summary, the implementation of deleveraging policy could change the capital structure of enterprises and have a close relationship with enterprise green innovation. It is of great value to concentrate on the internal mechanism of the impact of deleveraging policy on enterprise green innovation. However, existing literature studies mainly focus on the macroeconomic effects of leverage ratio. Specifically, based on the financial deepening theory, some scholars confirm that the increase of leverage ratio is helpful to economic growth (Levine et al., 2000; Beck and Levine, 2004; Levine, 2005). Nevertheless, based on the debt-deflation theory, more researchers find that deleveraging reduces asset price, which increases credit constraints and improves financial volatility by using a fixed-effect model and generalized method of moments (Schularick and Taylor, 2012; Buttiglione et al., 2014). Furthermore, some scholars incorporate these two theories into the same analytical framework. They confirm that increasing the leverage ratio can play a pulling role in economic growth in the early stage of development and have a negative impact on economic growth in the long run. In other words, the effect of deleveraging on economic growth shows an inverted U-shape (Reinhart and Rogoff, 2010; Cecchetti and Kharroubi, 2012).
In addition, from the micro perspective, some literature studies mostly discuss the impact of debt structure on enterprise innovation, and no consistent conclusion has been reached. To be specific, the increasing debt financing is conducive to transmitting positive signals and further alleviating financing constraints of enterprise, playing a positive role in enterprise innovation (Laeven and Valencia, 2012; Bartoloni, 2013). However, other scholars found that increasing debt financing brings high financial risks to enterprises, which inhibits enterprise innovation activities (Müeller and Zimmermann, 2009). Besides, some scholars also put forward that debt financing does not make a significant difference to enterprise innovation, and what actually works is the enterprise equity financing (Brown et al., 2012; Brown et al., 2013; Brown et al., 2017).
The existing literature studies mostly concentrate on the impact of leverage ratio on macroeconomic growth and the influence of debt structure on micro enterprise innovation. However, few studies pay attention to the particularity of green innovation and the impact of capital structure changes on enterprise green innovation from the perspective of deleveraging policy. Simultaneously, the fixed-effect model and generalized method of moments in existing studies cannot effectively handle endogenous problems. Thus, our paper theoretically analyzes the impact of deleveraging policy on enterprise green innovation from the perspective of capital structure. On this basis, we take the implementation of the OASREL in 2016 as the exogenous shock and construct a DID model to quantitatively confirm that the deleveraging policy significantly improves enterprise green innovation. The result passes a series of robustness tests and remains valid. Further heterogeneity analysis indicates that the deleveraging policy can promote the application of green invention patents to a greater extent, and its facilitation effect on enterprise green innovation is more significant in state-owned enterprises, large-scale enterprises, technology-intensive enterprises, and enterprises in financially developed regions. Ultimately, the mechanism test proves that the deleveraging policy can not only ease enterprise financing constraints to provide sufficient funds for enterprise green innovation but also strengthen the supervision of major shareholders to ensure the stable development of enterprise green innovation.
The main contributions of this paper are as follows. Firstly, this paper broadens the relevant research on the influencing factors of green innovation from the perspective of micro enterprise capital structure. Existing studies mainly focus on the impact of debt structure on enterprise innovation but barely explore the effect of capital structure on enterprise green innovation in view of deleveraging policy (Bartoloni, 2013; Brown et al., 2017). On the one hand, existing studies cannot capture the possible systemic impact of capital structure after the implementation of deleveraging policy. On the other hand, they also failed to reveal the uniqueness of green innovation. That is, green innovation is generally in the dilemma of financing constraints owing to its higher risk and uncertainty, and its double externality of knowledge spillovers and environmental protection further reduces the possibility of enterprise green innovation (Sun et al., 2021; Xiang et al., 2021). Based on the characteristic of green innovation, our paper identifies the preference differences between creditors and equity investors. Then, we prove that the deleveraging policy can reduce enterprise debt and promote equity financing, so as to meet the fund needs of green innovation and improve enterprise green innovation.
Secondly, this paper also enriches the research on the economic effect of deleveraging policy. Existing literature studies mostly concentrate on the effects of deleveraging on macroeconomic (Schularick and Taylor, 2012) and micro enterprise innovation (Brown et al., 2012; Bartoloni, 2013), while few studies discuss its impact on enterprise green innovation. This paper puts forward the hypothesis that the deleveraging policy can optimize the enterprise capital structure and promote enterprise green innovation through theoretical mechanism analysis. By quantitative research, this paper affirms the positive impact of deleveraging policy on promoting enterprise green innovation, which verifies the rationality of deleveraging policy from the perspective of sustainable development.
The remainder of this paper is organized as follows. Section 2 presents the institutional background and puts forward the research hypothesis. Section 3 describes the model setting and description of data. Sections 4 and Sections 4 and 5 report the empirical and mechanism test results, respectively, followed by conclusion and policy enlightenments in Section 6.
2 INSTITUTIONAL BACKGROUND AND RESEARCH HYPOTHESIS
2.1 Institutional Background
To alleviate the impact of the economic crisis in 2008, China introduced the Four Trillion Plan policy to stimulate economic development. As a result, the average leverage ratio of enterprise sector grows rapidly, and the debt burden of enterprises is more serious. With the potential risks, deleveraging has become a necessary measure to prevent the economic risks in China. Based on this, in October 2015, the Fifth Plenary Session of the 18th Communist Party of China (CPC) Central Committee clearly put forward the requirement of reducing the leverage ratio. At the end of 2015, the Central Economic Work Conference took deleveraging as one of the core tasks of the supply side structural reform to optimize the enterprise debt structure, which required enterprises to gradually reduce the leverage ratio to a reasonable level and promote steady economic growth. Although the deleveraging requirement was first proposed in 2015, but in fact, the deleveraging requirement in 2015 just put forward the guiding suggestions and did not list enterprises as the object of policy implementation, it only created a universal institution environment. Based on this, the State Council of China issued the Opinions on Actively and Steadily Reducing Enterprise Leverage in October 2016, which not only defined enterprises as the mainstay to achieve the goal of deleveraging but also standardized the ways of enterprise deleveraging, thus having a strong restrictive effect on enterprise behavior.
The OASREL pointed out that, for zombie enterprises that lose development prospects, they should conduct bankruptcy liquidation and pay off their debts. And for general enterprises, the OASREL required them to actively and steadily reduce their leverage ratio, which accelerated enterprises’ liquidation of fund arrears. In addition, the OASREL also encouraged enterprises in temporary arrears to use means like bank credit to carry out debt integration and optimization. At the same time, the OASREL clearly proposed enterprises to actively develop equity financing by pushing forward private equity, strengthening trading market infrastructure, and so on. Among those measures, market-oriented bank debt to equity swap is the important way that can not only reduce enterprise debt and leverage but also achieve the purpose of adjusting enterprise capital structure, thus enhancing enterprise capital strength. In addition, the OASREL requests government to strengthen supervision and standardize enterprise behavior of deleveraging by constructing joint punishment mechanisms, which effectively ensures the implementation of deleveraging policy.
In conclusion, the implementation of the OASREL defines the way of deleveraging, standardizes the specific measures of enterprise deleveraging, and further implements the goal of deleveraging. According to the Choice database (http://choice.eastmoney.com/), the leverage ratio of Chinese listed enterprises in 2014 and 2015 was 43.97 and 42.24%, respectively, and decreased to 40.70 and 40.15% in 2016 and 2017. The above data show an obvious effect of the deleveraging policy, providing a realistic basis for our study.
2.2 Research Hypothesis
Based on the high risk and long return cycle of enterprise green innovation, creditors who obtain stable interest income have higher risk aversion to borrowing enterprises that conduct green innovation. On the contrary, equity investors pursue long-term income, and thus, they show stronger investment preference (Hsu et al., 2014; Brown et al., 2017). Therefore, though the OASREL forces the reduction of debt funds, it may not do substantial damage to enterprise green innovation. Moreover, encouraging equity financing in the context of green development will further stimulate equity investors’ investment preference for green innovation, so as to provide long-term funds for green innovation (Hoskisson et al., 2002). In the meantime, the OASREL also strengthens the ability of major shareholders to supervise and manage enterprises, which could restrict the opportunistic behavior of managers and then ensure the stable development of green innovation. Based on this, our paper attempts to reveal the mechanism between the deleveraging policy and enterprise green innovation from the perspective of enterprise financing and internal supervision.
2.2.1 The Effect of Easing Financing Constraints
Compared with general innovation, green innovation usually has greater risks and a longer payback period, leading to higher adjustment cost (Hall, 2002; Malen and Marcus, 2019). In addition, enterprises generally have multi-dimensional targets such as the maximization of enterprise value and environmental and social benefits; thus, green innovation with greater uncertainty often requires more investment (Wang and Chu, 2019). From the perspective of debt financing, the uniqueness of green innovation often makes it difficult for enterprises to achieve economic benefits in the short term (Xiang et al., 2021), which may hardly meet the pursuit of creditors for a stable interest income. Moreover, creditors need to bear the risk that the loan cannot be repaid due to the failure of green innovation. Thus, creditors are less willing to lend funds to enterprises that carry out green innovation activities (Brown et al., 2012; Hsu et al., 2014; Chen et al., 2014). Xiang et al. (2021) utilized the Poisson model and proved that debt financing had no significant effect on enterprise green innovation. That is, the reduction of enterprise debt caused by the deleveraging policy will not exert a substantial influence on green innovation. More importantly, excessive debt will increase the interest burden of enterprises, and the reduction of enterprise debt scale can lessen the interest expenditure, thus decreasing financial risk and bankruptcy possibility of enterprises (Qi et al., 2018). Meanwhile, the reduction of cash flow also restrains the over investment behavior of enterprises, which enables them to invest in activities that can expand competitive advantages and further push forward with enterprise green innovation (Cai and Zhang, 2011).
In contrast to the creditors, equity investors mainly concentrate on the long-term operating performance of enterprises; thus, the continuous investment and high return characteristics of green innovation are consistent with equity investors’ goal of pursuing long-term benefits (Hsu et al., 2014). Under the background of actively encouraging green development, enterprise green innovation can not only obtain government subsidies (Montmartin and Herrera, 2015) but also reduce energy losses and environmental externalities in production activities, thus effectively allocating enterprise resources and reducing enterprise costs. Meanwhile, by transforming to resource-saving enterprises, enterprises can establish a good external image and win public praise, further expanding their competitive advantage to earn excess profits through giving their products’ green attributes (Li et al., 2019). Consequently, the deleveraging policy will promote the preference of equity investors for green innovation, ensuring the requirement of enterprise green innovation for long-term funds. Besides, equity financing does not need to repay the interest; thus, enterprises generally face relatively low financial pressure, which can effectively ensure the continuity of green innovation activities (Xiang et al., 2021).
In conclusion, owing to the different preferences for green innovation between creditors and equity investors, the deleveraging policy’s reducing enterprise debt funds will not inhibit green innovation. Simultaneously, by promoting enterprise equity financing, the deleveraging policy offers a steady source of funds for green innovation, which has a stimulative impact on enterprise green innovation.
Based on this, this paper puts forward hypothesis 1:
H1: Ceteris paribus, the deleveraging policy can provide long-term and stable funds for enterprise by facilitating equity financing, so as to improve enterprise green innovation.
2.2.2 The Effect of Strengthening Internal Supervision
According to the debt control hypothesis, debt financing can not only provide funds for enterprises but also supervise and restrict the enterprise behaviors, which is regarded as an enterprise governance strategy (Qin and Gao, 2020). Then, the agency cost between managers and shareholders decreases, which further promotes the efficiency of enterprise organizational (Xiao, 2006; Morellec et al., 2012). When enterprises increase the debt financing, creditors tend to add restrictive regulations on debt contracts to avoid risks that the funds lent to the enterprise cannot be repaid. The restrictions inhibit managers’ opportunistic behavior of using free cash flow to pursue personal profits and reduce managers’ immoral behavior of occupying shareholders’ rights and benefits, partly alleviating the interest conflict between shareholders and managers (Armstrong et al., 2010). Thus, the deleveraging policy’s forcing enterprises to reduce their debt scale can reduce the original creditors’ influence on supervising enterprise business decisions and further increase agency cost problems. Moreover, increasing inefficient investment will restrict enterprises’ long-term activities.
Nevertheless, the deleveraging policy strengthens the ability of major shareholders to supervise and manage enterprises by promoting equity financing, which can partly make up for the negative impact of weakening the supervision of creditors. From the perspective of enterprise equity, the deleveraging policy emphasizes the importance of market-oriented debt to equity swap. Since debt to equity swap could change the enterprise’s ownership structure and even dilute the equity to a certain extent, enterprises will choose private placement to reduce their leverage ratio. As a non-public refinancing method with low issuance threshold, private placement mainly distributes to major shareholders, which concentrates the enterprise equity to a large extent (Henrik and Mattias, 2005). Furthermore, through strengthening equity concentration, the deleveraging policy reduces the supervision cost of major shareholders and strengthens their supervision impact on enterprise operation and management activities. Then, the over-investment behavior of managers can be inhibited, further promoting the development of enterprises’ long-term activities.
It is noteworthy that some scholars pointed out that the increase of investors caused by private placement would influence the decision made by major shareholders (Qin and Gao, 2020). In fact, shareholders who purchase new shares issued by private placement generally have hitchhiking psychology; thus, they have little motivation to participate in enterprise decision-making. Therefore, even if the number of new investors rises, it may not affect the result of major shareholders to supervise and manage enterprise decision-making. Furthermore, shareholders who pay more attention to the long-term performances of enterprise will continue to promote enterprise green innovation with their stronger green innovation preference under the background of green development.
In conclusion, although the deleveraging policy weakens the impact of creditors’ supervision, it actually makes up for this negative influence by strengthening equity concentration. The improving ability of major shareholders to supervise and manage enterprises effectively ensures the stable development of green innovation.
Based on this, our paper puts forward hypothesis 2:
H2: Ceteris paribus, the deleveraging policy could improve enterprise green innovation by strengthening the supervision and management of major shareholders.
3 MATERIALS AND METHODS
3.1 Model Specification
In order to estimate the impact of deleveraging policy on enterprise green innovation more accurately and alleviate the bias of variable selection, our paper takes the implementation of the OASREL as a quasi-natural experiment and constructs a DID model. Although the deleveraging policy is implemented uniformly at the national level and there is no clear control group, its impact will actually have divergence due to the different leverage ratio of enterprise before policy’s implementation. In other words, the enterprises with a higher leverage ratio are affected greatly by the deleveraging policy. Based on this, referring to existing research practices, our paper adds the interaction term [image: image] into the model. If the leverage ratio of an enterprise is higher than 65% in 2015, it is regarded as the treatment group; otherwise, it belongs to the control group (Bertrand and Mullainathan, 1999; Qin and Gao, 2020). Through effectively alleviating the endogenous problems such as reverse causality and missing variables that may exist in the model, we obtain the causality of deleveraging policy on enterprise green innovation. The specific model is constructed as follows:
[image: image]
where [image: image] represents the enterprise, [image: image] represents the year, and [image: image] represents the green innovation of enterprise [image: image] in year [image: image]. [image: image] refers to the dummy variable of enterprises and equals 1 if the leverage ratio of enterprise [image: image] is 0.65 or more, which indicates the enterprise is affected greatly by the deleveraging policy; otherwise, it is 0. [image: image] is another dummy variable. [image: image] = 1 means after the implementation of the deleveraging policy ([image: image] ≥ 2016), and [image: image] = 0 means before the implementation of the deleveraging policy ([image: image] < 2016). [image: image] indicates a set of control variables. [image: image] and [image: image] denote the enterprise and time fixed effect, respectively. [image: image] is the error term. We focus on the interaction term’s regression coefficient [image: image] that reflects the influence of the deleveraging policy on enterprise green innovation. If the coefficient is significantly positive, the deleveraging policy can promote enterprise green innovation.
3.2 Variable Measurement
3.2.1 Dependent Variable: Enterprise Green Innovation
So far, existing scholars have had a heated discussion on the definition of green innovation, and finally, their conclusions tend to be consistent. Referring to existing studies, our paper defines the green innovation as the new technologies or processes that are helpful to reduce pollution and save resources (Chen et al., 2006). Then, according to the existing literature studies, it takes a long time from a patent application to a granted patent, and the number of granted green patents that some scholars use to measure enterprise green innovation cannot reflect enterprises’ current creativity (Amore and Bennedsen, 2016; Deng et al., 2021; Xia et al., 2021; Wu et al., 2022). Thus, our paper utilizes the number of green patent applications to measure enterprises’ green innovation ability (Zhang et al., 2020; Shao et al., 2020). Meanwhile, referring to Zhang et al. (2020), we choose to take the natural logarithm of the green patent application numbers plus one as the dependent variable, thus making the data distribution more consistent with normal distribution (Zhou et al., 2021). In addition, we divide the number of green patent applications into green invention patents and green utility models in heterogeneity analysis to further explore the possible impact of deleveraging on different structures of green innovation.
3.2.2 Control Variable
In order to alleviate the endogenous problem caused by missing variables, combining with the existing literature studies and relevant studies, our paper comprehensively considers the influencing factors at the enterprise level and then selects the following variables as the control variables. First, the natural logarithm of total assets ([image: image]) is used to control the enterprise size that may affect enterprise green innovation (Wu et al., 2020b). Second, the profitability of enterprises is also an important factor affecting green innovation activities (Li et al., 2017), so the return on assets (ROA) and the operating cash flow ([image: image]) are also included in the model. Third, considering the impact of enterprise governance structure on green innovation, the proportion of independent directors ([image: image]) and the size of directors ([image: image]) are also controlled in our model. Fourth, existing research indicates that enterprise age can also affect green innovation (Czarnitzki and Hottenrott, 2011), and we add the natural logarithm of enterprise age (Age) into the model.
Apart from these factors at the enterprise level, regional economic development, environmental regulation intensity, and industrial structure will also affect deleveraging policy and enterprise green innovation. Therefore, our paper chooses per capita GDP ([image: image]), environmental governance intensity ([image: image]), marketization degree ([image: image]), industrial structure (Ind), population ([image: image]), regional leverage ratio ([image: image]), and green coverage ([image: image]) as the control variables. Among them, [image: image] is calculated by dividing the total GDP by the total population. [image: image] is calculated by multiplying the proportion of industrial pollution completed investment in industrial added value by 100. [image: image] is measured by a marketization index from the Marketization Index of China’s Province in 2021. Ind is measured by the proportion of secondary industry output value in GDP. [image: image] is measured by the natural logarithm of the number of populations. [image: image] and [image: image] are measured by the regional leverage ratio index and green coverage index, respectively.
3.3 Data Sources
In China, manufacturing industry is the mainstay of the national economy, and its pollution emission accounts for about 70% of the total industrial sector, which generates more pollution and faces greater environmental pressure. In addition, manufacturing enterprises are the main part of green patent applications, which is more suitable to our study. Therefore, we select Chinese manufacturing enterprises listed on Shanghai and Shenzhen Stock Exchanges from 2010 to 2019 as the research objects.
Our green patent dataset of listed manufacturing enterprises is collected from the State Intellectual Property Office (SIPO). In order to identify every green patent, we refer to the International Green Patent Classification List (IGPCL) given by the World Intellectual Property Organization (WIPO) in 2010 and divide the green patents into the following seven types: alternative energy production, transportation, energy conservation, waste management, agriculture and forestry, management regulation design, and nuclear power. If the IPC of a patent belongs to the above IGPCL, it is classified as a green patent. Then, we obtain other main enterprise-level data from the China Stock Market & Accounting Research Database. The province-level data are collected from the EPS global statistical platform and the China Statistical Yearbook.
After obtaining the original data, we processed the data through the following steps. First, we match the enterprise-level data with province-level data based on the province where the enterprise is located. Second, we exclude enterprises that have much missing data. Third, considering that ST and *ST refers to the special listed enterprises that have, respectively, suffered losses for two and three consecutive years, we also excluded them to avoid financial abnormality. Finally, we also winsorize all of our continuous variables at the 1 and 99% levels to reduce the influence of extreme data. After all these processes, we obtain an effective sample size of 12,713 observations.
3.4 Variable Description
The main variables used in this paper and their descriptive statistics are shown in Table 1, which describes basic characteristics at enterprise and province levels, including the mean values, standard deviation, and t-value between the control group and the treatment group. As is displayed in columns 1 and 3 of Table 1, the average green patent applications of treatment group are 0.6504, which is higher than that of the control group (0.3793). It indicates that, before the implementation of the deleveraging policy, the green innovation in Chinese manufacturing enterprises has divergence between enterprises with a higher or lower leverage ratio. Furthermore, column 5 of Table 1 shows that, apart from differences in green innovation, the control variables we select have significant differences between the treatment group and the control group. All of those baseline characteristics are included in the next empirical model, so as to make sure that our treatment group and control group can have the same trend before the implementation of the deleveraging policy.
TABLE 1 | Definition of main variables and descriptive statistics of samples.
[image: Table 1]4 EMPIRICAL RESULTS
4.1 Regression Results
Before the baseline regression, our paper conducts the correlation test to avoid potential multicollinearity problem between variables that we select, and the results are shown in Table 2. As is displayed, the correlation coefficients are all less than 0.5 apart from the correlation coefficient between Mkt and Pgdp (0.724). Then, we calculate the VIF values of variables. The values of Mkt and Pgdp are 4.11 and 2.9, respectively, which are both less than 10; thus, the multicollinearity problem between variables is not serious. Next, by observing the correlation coefficient between [image: image] and green innovation, the coefficient value is positive and significant at the 1% level, preliminarily confirming that the deleveraging policy has a close relationship with enterprise green innovation.
TABLE 2 | Correlation analysis.
[image: Table 2]Based on model (1), our paper examines the effect of the deleveraging policy on enterprise green innovation. The regression results are shown in Table 3. By observing column 1 of Table 3, the interaction term [image: image] positively affects the enterprise green innovation at the 5% level after controlling the time and enterprise fixed effect. The deleveraging policy has an obviously incentive effect on green innovation behavior of enterprises. Moreover, in order to prevent the biased result caused by the unobservable factors at province and industry levels, we refer to the practice of Zhang et al. (2020) and further add both province and industry fixed effects, which interact with the time trend, respectively, in model (1). The results are shown in column 2 of Table 3. It can be seen that the deleveraging policy still positively promotes the green innovation behavior of enterprises at the 1% level, and its regression coefficient is 0.1538. That is, after the OASREL is published, the number of green innovation patent applications has increased by 15.38%.
TABLE 3 | Baseline regression results.
[image: Table 3]4.2 Parallel Trend Test
The premise of applying the DID model is to meet the parallel trend assumption, i.e., the change trend of green innovation of high-leverage enterprises should be consistent with that of low-leverage enterprises before the implementation of the OASREL. Based on this, we use the event study method to test the parallel trend assumption (Li et al., 2017), which can not only test the parallel trend before the impact of the OASREL but also observe the dynamic effect of deleveraging policy on enterprise green innovation. The estimation model is specified as follows:
[image: image]
where the interaction term [image: image] refers to the [image: image] -th leading term of deleveraging policy, which tests whether high-leverage enterprises and low-leverage enterprises have the same trend before the implementation of the OASREL. If the coefficient [image: image] is not significant, it indicates that there is no significant difference between the treatment group and the control group before the implementation of the OASREL, and then, the parallel trend assumption is verified. [image: image] represents the [image: image] -th lagged term of deleveraging policy, which is used to identify the dynamic effect of deleveraging policy on enterprise green innovation activities after the implementation of the OASREL. Other variables are consistent with the baseline regression model.
The estimation result of the parallel trend test is displayed in Figure 1, in which 2015 (the year before the implementation of the deleveraging policy) is set as the reference year. It can be seen that the impact of interaction term [image: image] on enterprise green innovation activities is not statistically significant from 2010 to 2014 (i.e., F6–F2). Therefore, before the deleveraging policy is proposed, there is no obvious difference in green innovation between high-leverage enterprises and low-leverage enterprises, verifying the parallel trend assumption. In addition, Figure 1 also shows that the coefficient increases significantly in 2016 (L0) and decreases in 2017 (L1) and then remains stable during the period of 2017–2019 (L1–L3). It indicates that the reduction of enterprise leverage can promote enterprise green innovation steadily and continuously.
[image: Figure 1]FIGURE 1 | Parallel trend test.
4.3 Placebo Test
In order to examine whether there are other unobservable factors that may influence the effect of deleveraging policy on enterprise innovation, our paper constructs a series of counterfactuals to test the robustness of our baseline regression results with a placebo test. Our paper randomly assigns the treatment group and the control group by bootstrap and repeats the regression 500 times according to model (1). If enterprise green innovation is also improved, it indicates that there may exist other unobservable systematic factors resulting in the promotion of green innovation, instead of being influenced by the deleveraging policy. As shown in Figure 2, the t-value of the deleveraging policy’s coefficient on enterprise green innovation presents an approximately normal distribution, which is mostly around 0 and rarely around ± 3 and ± 4. It indicates that the proportion of positive or negative regression coefficients is small, proving that there is no fictitious treatment effect. Therefore, it can be inferred that the improved enterprise green innovation is due to the impact of deleveraging policy rather than other unobservable variables.
[image: Figure 2]FIGURE 2 | Placebo test.
4.4 Robustness Analysis
In order to test and verify the robustness of our baseline regression result, our paper carries out a series of robustness tests as follows.
4.4.1 Lagging Green Patent
In our baseline regression, we only consider the current-period effect of the deleveraging policy. In order to further test and verify the robustness of our results, we, respectively, introduce the first-order lagged term and the second-order lagged term of the number of green patent applications into our model and conduct regression again, and the results are shown in columns 1-2 of Table 4. It can be seen that the interaction terms still have positive impacts on the number of green innovation patent applications of enterprises at the 1% level, and its regression coefficient is 0.1672 and 0.1533, respectively, which is consistent with the baseline regression results. Thus, the lagging green patent does not affect the above baseline regression results.
TABLE 4 | Robustness test (I).
[image: Table 4]4.4.2 Replacing Independent Variable Grouping
Enterprise leverage is a continuous variable, whose result could be influenced by self-defined grouping. Therefore, we replace the dummy variable of enterprise leverage with a continuous variable and then construct a DID model to regress again. Specifically, the whole sample is automatically divided into the treatment group that has a higher leverage ratio and the control group that has a lower leverage ratio. The results are shown in columns 3-4 of Table 4. It can be seen that the interaction term [image: image] still has a positive impact on enterprise green innovation at the 1% level. And after adding both province and industry fixed effects, interacting with the time trend, respectively, in model (1), the result is still significantly positive at the 1% level which proves the robustness of our baseline regression once again.
4.4.3 Replacing Dependent Variable
Although the number of green patent applications considers the time from a patent application to the patent acquisition (Shao et al., 2020), it is difficult for green patent applications to reflect the quality of green innovation. Therefore, according to Qi et al. (2018), the number of granted green patents can reflect the quality of enterprise green innovation to a certain extent. In order to test the robustness of our baseline regression result, we, respectively, utilize the first lagged term and second lagged term of granted green patent to measure enterprise green innovation and then carry out regression again. The regression results are shown in columns 1-2 of Table 5. It can be found that the coefficients of interaction terms are still positive and significant at the 1% level, whose results are consistent with the baseline regression.
TABLE 5 | Robustness test (II).
[image: Table 5]4.4.4 Replacing High-Order Clustering Robust Standard Error
The baseline regression in our paper adopts clustering robust standard error at the enterprise level, but the high-order clustering robust standard error can reduce the deviation of statistical inference, which has a direct impact on the significance of sample regression results. Hence, referring to Han et al. (2020), we choose to use clustering robust standard error at the industry level to verify the robustness of our regression conclusion, and the result is shown in column 3 of Table 5. It can be seen that the coefficient of the interaction term [image: image] is still significantly positive at the 10% level, further confirming that the baseline regression result is robust.
4.5 Heterogeneity Analysis
Considering that the patent type, property right nature, industry characteristics, enterprise scale, and financial marketization degree will differentiate the impact of deleveraging policy on enterprise green innovation, our paper further carries out grouping regression to reveal the heterogeneous effect of deleveraging policy on enterprise green innovation.
4.5.1 Patent Type
Different from ordinary patents that have three types, green patents are divided into two categories: green invention patents and green utility models. Between them, the technological content of invention patents is higher than that of green utility models. Therefore, green invention patents often attract more investors that are sensitive to green innovation. At the same time, invention patents play a greater role in promoting financial performances and market competitiveness of enterprises, which can better meet the needs of shareholders for the economic benefits of green innovation. Therefore, our paper conjectures that, between the two types of green patents, the deleveraging policy will contribute to promoting the number of green invention patent applications more obviously.
Based on the above analysis, we divide the total number of green patent applications into green invention patent applications and green utility model applications. The results are shown in columns 1-2 of Table 6. It can be seen that the deleveraging policy has a positive impact on the number of green invention patent applications and green utility model applications at the 5% level and the 1% level, respectively. Notice that the coefficient of the total number of green invention patent applications is 0.1762, which is higher than that of the total number of utility model patent applications (0.1538). The results prove that the deleveraging policy has a more promotion effect on green invention patents, which is in line with our prediction.
TABLE 6 | Heterogeneity analysis: patent type.
[image: Table 6]4.5.2 Enterprise Size
According to Schumpeter hypothesis, large-scale enterprises have more advantages in obtaining economic resources like investment support than small- and medium-sized enterprises, so as to perform better in innovation activities (Schum peter, 1942). Specifically, large-scale enterprises have both sufficient funds and diversified financing channels for green innovation. In comparison with small-scale enterprises, large-scale enterprises are less dependent on debt financing and have a better internal regulatory structure. Thus, the implementation of deleveraging policy is more conducive to equity financing of large-scale enterprises, having a greater effect on easing enterprises’ financing constraints and strengthening their internal supervision. Moreover, large-scale enterprises can attract more innovative talents and have stronger ability to bear and resist risks, which make large-scale enterprises generally more popular with investors. Therefore, our paper infers that, after the implementation of the deleveraging policy, the positive impact on green innovation may have a greater influential effect on large-scale enterprises.
To verify the above conjecture, our paper constructs an interaction item of [image: image] with [image: image] in model (1) to test whether the enterprise size can affect the effect of deleveraging policy on enterprise green innovation. [image: image] is a dummy variable. Referring to the Statistical Division Method of Large, Small and Micro Enterprises in 2017, our paper divides the sample into large-scale enterprises and small-scale enterprises based on the indexes of enterprises’ operating income and the number of employees. If the enterprise belongs to large-scale enterprises, then [image: image] equals 1; otherwise, it equals 0. The results are shown in column 1 of Table 7. The regression coefficient of [image: image] is positive and significant at the 1% level, which indicates that the effect of deleveraging policy on enterprise green innovation is more obvious in large-scale enterprises. A probable reason may be that, for small-scale enterprises, green innovation requires large capital investment and has high risk and uncertainty, which makes it difficult for small-scale enterprises to carry out green innovation and bear the consequences of failure in green innovation activities.
TABLE 7 | Heterogeneity analysis: enterprise size, property right, industry characteristics, and financial development.
[image: Table 7]4.5.3 Property Right
In view of enterprise property rights, in China, state-owned enterprise is the mainstay of economic development, which makes it easier for enterprise to establish political connections with the government, which provides them potential guarantee (Tong et al., 2014). Generally, financial institutions dominant by banks prefer to lend to state-owned enterprises owing to their close relationship with the government. The relatively low financing constraints of state-owned enterprises effectively ensure the demand of stable investment for green innovation. Moreover, compared with non-state-owned enterprises, state-owned enterprises pay more attention to environmental and social benefits so that they have higher enthusiasm for environmental activities like green innovation. In addition, the government has listed state-owned enterprises as the key objects of deleveraging and even incorporated deleveraging into their performance appraisal. Hence, we speculate that the impact of deleveraging policy on green innovation has a stronger positive role in state-owned enterprises.
Based on the above analysis, we construct interaction term variables of [image: image] with property in model (1). Location is a dummy variable. If [image: image] = 1, then the firm is a state-owned enterprise; otherwise, it is a non-state-owned enterprise. The heterogeneity analysis results are shown in column 2 of Table 7. The coefficient of [image: image] is positive and significant at the 1% level, which means that the green innovation in state-owned enterprises is more affected by the deleveraging policy. Non-state-owned enterprises generally face serious financing constraints, which reduces their access to more funds for enterprise green innovation.
4.5.4 Industry Characteristics
Taking the industry characteristics into account, the manufacturing industry is widely classified, and the investment and R&D capacity of manufacturing industries for green innovation also differentiate. Among those manufacturing industries, technology-intensive enterprises belong to the high-tech industrial sector. With a large proportion of knowledge and technology, technology-intensive enterprises mainly rely on advanced technology for production activities. Moreover, accompanied by the rapid renewal of products, technology-intensive enterprises need to constantly develop new products to adapt to the fierce competitive environment. Therefore, compared with other types of enterprises, technology-intensive enterprises have a greater preference for green innovation activities. Moreover, technology-intensive enterprises have the advantages of technology and talents, lower cost, and higher success rate. Thus, our paper speculates that, after the implementation of the deleveraging policy, the promotion of enterprise green innovation has a more obvious impact on technology-intensive enterprises.
To confirm the above inference, we construct an interaction term variable of [image: image] with [image: image]. For dummy variable industry, we first refer to the classification of Liu and Zhang (2021) and divide the manufacturing enterprises into technology-intensive enterprises and other enterprises. If the firm belongs to the technology-intensive enterprises, then [image: image] = 1; otherwise, [image: image] = 0. The regression result is shown in column 3 of Table 7. It can be found that the coefficient of [image: image] is positive and significant at the 1% level, which implies that the deleveraging policy mainly stimulates higher green innovation vitality of technology-intensive enterprises. And the possible reason why there is no impact on other types of enterprises is that other types of enterprises are not mainly dependent on green innovative products to obtain economic benefits, and their willingness to green innovation is relatively low.
4.5.5 Financial Development Level
Taking financial development into consideration, compared with underdeveloped regions, the financial systems in financially developed regions are generally more advanced, which provides much wider financial channels and options for enterprises (Muganyi et al., 2022). Meanwhile, financial institutions like banks usually have a stronger regulatory capacity, which effectively improves the efficiency of enterprise resource allocation and further promotes the conduct of productive activities. In addition, the asymmetric information problems in financially developed regions are relatively less serious, effectively reducing enterprise financing costs and easing their financing constraints. Hence, we expect that, after the implementation of the deleveraging policy, enterprises in regions with more developed financial markets can make full use of the advantages of developed financial market and continuously provide sufficient funds for enterprise green innovation. The effect of the deleveraging policy in promoting enterprise green innovation is much greater.
Following the above analysis, our paper constructs an interaction term of [image: image] with [image: image] in model (1) to test whether the financial development level has an impact on the relationship between the deleveraging policy and enterprise green innovation. Then, we utilize the financial marketization index from the Marketization Index of China’s Province in 2021 to judge the financial development level of regions. If the marketization index of the region is higher than the median of the total sample, then it is a financially developed region and equals 1; otherwise, it is an undeveloped region and equals 0. The regression results are shown in column 4 of Table 7. The effect of [image: image] on enterprise green innovation is positive and significant at the 1% level, indicating that the impact of deleveraging policy on enterprise green innovation is much greater. The possible reason is that the financial infrastructure in undeveloped regions is relatively backward, which leads to a lower efficiency of financing, and the single financing option also makes it difficult for enterprises to obtain sufficient funds and carry out green innovation activities.
5 MECHANISM TEST
Apart from the direct effect of the deleveraging policy on enterprise green innovation, our previous theoretical analysis indicates that, on the one hand, the deleveraging policy can reduce enterprise debts and increase equity financing, so as to ease financing constraints and provide stable funds for enterprise green innovation. On the other hand, the deleveraging policy could also strengthen the supervision and management of major shareholders on enterprise operation and further inhibit managers’ opportunistic behavior, promoting the steady development of green innovation activities. On this basis, our paper carries out the following tests to examine whether hypothesis 1 and hypothesis 2 in our paper are true or not.
5.1 Test of Easing Financing Constraints
Our paper first tests whether the deleveraging policy can improve enterprise green innovation by promoting equity financing and further easing enterprise financing constraints. Referring to the present research (Zhou et al., 2020), we select the change rate of owner’s equity [image: image] that is equal to [image: image] to measure the change of owner’s equity. The model is constructed as follows:
[image: image]
Based on model (1), model (3) adds the interaction term [image: image], in which [image: image] represents the equity financing. Other variables are consistent with the baseline regression model. The estimation coefficient [image: image] reflects the influential effect of owner’s equity before and after the implementation of the OASREL. If the coefficient is significantly positive, then the result implies that it is the increasing equity financing caused by the deleveraging policy that makes a positive difference in improving enterprise green innovation.
The result is shown in column 1 of Table 8. It can be seen that [image: image] has a positive impact on enterprise green innovation at the 1% level, and the interaction term [image: image] has significantly improved the enterprise green innovation level at the 5% level. It reveals that compared with the higher owner’s equity group, the group with lower equity changes more greatly after the implementation of the deleveraging policy. That is, the deleveraging policy can help enterprises with low equity to obtain more equity capital, so as to enhance their capital strength and provide sufficient funds for enterprises to carry out green innovation; so, hypothesis 1 (H1) is verified.
TABLE 8 | Mechanism test.
[image: Table 8]5.2 Test of Strengthening Internal Supervision
To examine if the deleveraging policy can promote enterprise green innovation by strengthening internal supervision, our paper uses the shareholding ratio of the top five shareholders ([image: image]) to measure the ownership concentration and constructs the following model to conduct the mechanism:
[image: image]
Based on model (1), model (4) adds the interaction term [image: image], in which [image: image] represents the internal supervision. Other variables are in line with the baseline regression model. The estimation coefficient [image: image] reflects the influential effect of equity concentration before and after the implementation of the OASREL. If the coefficient is significantly positive, it indicates that the deleveraging policy can promote enterprise green innovation through strengthening internal supervision. As is shown in column 2 of Table 8, the equity concentration [image: image] has a positive effect on green innovation at the 1% level, and the interaction term [image: image] has significantly improved the enterprise green innovation level at the 1% level. It illustrates that, after the implementation of the deleveraging policy, the equity concentration of the group with lower equity concentration increases more greatly than the group with higher equity concentration. With the supervision influence of major shareholders strengthened, major shareholders’ greater preference to green innovation positively contributes to the development of green innovation, and hypothesis 2 (H2) is confirmed.
It is worth noting that excessive equity concentration of shareholders may lead to single investment of enterprises and avoidance of high-risk activities (Chen et al., 2014). Controlling shareholders will tend to extract private benefits and pursue personal and political agendas, which cannot create economic benefits to enterprises (Chen et al., 2011). Thus, we also use the proportion of the largest shareholder ([image: image]) to test whether there exists the situation of excessive equity concentration in enterprises and utilize the same method above to carry out regression again. The regression results are exhibited in column 3 of Table 8. It can be seen that the influence of largest shareholder on enterprise green innovation is not obvious, and the interaction term [image: image] also has no statistical significance. Hence, the increase of equity concentration caused by the deleveraging policy will not lead to the situation of excessive equity concentration. The decision enterprise makes is the result of strengthening the joint supervision of multiple major shareholders, which ensures the rationality of enterprise decision-making and further promotes the improvement of enterprise green innovation level. Our paper’s hypothesis 2 (H2) is supported from the side.
6 CONCLUSION AND DISCUSSION
Taking the Opinions on Actively and Steadily Reducing Enterprise Leverage issued by the State Council of China in 2016 as the natural exogenous shock, our paper constructs a DID model to investigate the impact of deleveraging policy on enterprise green innovation by using the panel data of listed manufacturing companies from 2010 to 2019. We find that, after the implementation of the OASREL, the deleveraging policy has steadily improved enterprise green innovation, which has passed a series of robustness tests. Furthermore, the results of heterogeneity analysis indicate that the deleveraging policy can promote the applications of green invention patent to a greater extent and has a greater effect on green innovation in state-owned enterprises, large-scale enterprises, technology-intensive enterprises, and enterprises in financially developed regions. Finally, the mechanism test proves that the deleveraging policy can not only ease enterprise financing constraints to provide sufficient funds for enterprise green innovation but also strengthen the supervision of major shareholders to ensure the stable development of enterprise green innovation.
Based on the above conclusions, our paper draws the following enlightenments. Firstly, as an important means to prevent economic risks of enterprises, the deleveraging policy improves enterprise green innovation by forcing enterprises to optimize their capital structure, which verifies the rationality of existing deleveraging policy from the perspective of sustainable development. Secondly, the deleveraging policy improves enterprise innovation by promoting equity financing. Thus, the government should lower the threshold for enterprise equity financing and continuously support enterprise to develop equity financing through various means like debt to equity swap and private placement. Finally, according to the results of heterogeneity analysis, as green innovation has high risk and needs sufficient funds, the government is supposed to reduce excessive intervention in resource allocation and improve the fairness of competitive environment to alleviate enterprises’ dilemma of resource acquisition. In addition, enterprises should focus on their knowledge accumulation and technology development to promote their competitiveness.
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The study examines the effect of green human resource management (GHRM) on the environmental performance of hotels. It also investigates the crucial role of pro-environmental psychological capital, psychological green climate, and pro-environmental behaviors to enhance the environmental performance. The target population consisted of green hotel employees. Data collected using a survey questionnaire from 374 employees were subjected to partial least squares structural equation modeling for analysis. As per the findings, green human resource practices (green training and development, green performance management and appraisal, and green empowerment) are significant predictors for pro-environmental psychological capital, which further contributes positively toward the psychological green climate. It was also found that the psychological green climate is positively related to pro-environmental behaviors. Findings revealed that employees’ pro-environmental behaviors play a significant role to enhance the environmental performance of hotels. Moreover, it is indicated that green HRM practices indirectly contribute to environmental performance through pro-environmental psychological capital, psychological green climate, and pro-environmental behaviors. This study is one of the few attempts to integrate the green HRM practices with pro-environmental psychological capital, green climate, and pro-environmental behaviors to predict the environmental performance in hotels. It examines the moderating role of environmental consciousness that was almost ignored. This study is important for hotels that are trying to adopt green HR practices. It provided several suggestions to the practitioners while making the strategy to promote environmental performance with the help of green HR practices through various ways. It also assists the hotel management to enhance pro-environmental psychological capital by promoting green recruitment and selection, green training and development, green performance management and appraisal, and green empowerment for the promotion of environmental performance.
Keywords: green human resource management, pro-environmental psychological capital, psychological green climate, pro-environmental behaviors, environmental performance
INTRODUCTION
The hotel industry has become more cognizant about its impression on the environment as well as on society across the globe (Goldstein and Primlani, 2012) because it can influence dramatically on civilization, culture, economy, and environment (Sohail et al., 2020). The hospitality industry is considered the backbone of the services industry and earns profit through its conversion services (Melissen et al., 2016). Since the hospitality industry is more labor intensive and provides employment to a greater number of people (around 4 million jobs), therefore its contribution is highly significant in the services sector (Kianto et al., 2010). Formerly, the hotel sector contributed 3% to GDP, and recently its growth rate increased by 7.1% in 2019. This growth highlighted its thriving stage in Pakistan (Javed and Hussain, 2018). According to Javed and Hussain (2018), among the total investment of Pakistan, 9.1% of investment was from the tourism industry. It brings favorable and productive outcomes for the economy. As stated in a recent report, the tourism industry is currently contributing 9.3% in GDP globally (AlKahtani et al., 2021).
Despite the notable growth of the hotel industry across the decades, hotels are bound to follow eco-friendly actions and show an accountable attitude toward the environment. Comparatively, hotels are more forced to strictly comply with environment-related regulations because they are directly answerable for the secretion of environment-associated substances, for instance, disposal of water, energy, and wastes to nature (Graci and Kuehnel, 2011; Nisar et al., 2021a; Khaliq et al., 2022). Hotels are overstretched to take notice of their environmental performance caused due to their waste emission. In several ways, the hotel industry may emanate wastes and cause environmental issues. Various cases are reported in this realm regarding waste production in Vietnam (Hoang et al., 2017) and Malaysia as well. According to a recent study, it is proclaimed that the growth of the tourism and hotel industry also signals a serious menace to the environment if its negative impact hanged on nature is not properly controlled (Abdulaali et al., 2019). Keeping in view the sensitivity of the hotel industry in terms of environmental concerns, authors have concentrated their focus on how hotels may embrace environmental performance.
Studies in the arena of the hospitality sector entailed that to stay in competitive contention, human-resource management practices are a rare plus cost-effective strategy among all business strategies. It is also evident that green initiatives have become a source of attraction and retaining employees (Renwick et al., 2013) and customers (Chen, 2011) as well as to influence the organizational performance (Yafi et al., 2021). In addition, it is explained by Jabbour et al. (2008) that the environmental performance of the organization could be improved by using green HRM activities including norms, training, coordination, considering environmental objectives, and non-monetary rewards system. Similarly, monetary rewards can stimulate employees to be environment reconcilable. Consequently, the result of these activities is a decrease in operational expenses and an increment in environmental performance (Kim et al., 2020). Hilton (a chain of hotels in Pakistan) is an example that has maintained its functional goals and strategies, green programs, and progress monitoring mechanism. It is evident that during 2009–2014, its overall water and energy consumption remain 14.1–14.5% globally. In addition, Marriot (chain of international hotels) is another example in which green activities are stimulating toward a safe environment (Kim et al., 2020).
The relationship between green HR practices and environmental performance has attracted modern research (Umrani et al., 2020; Yusoff et al., 2020; Jerónimo et al., 2020; Roscoe et al., 2019; Saeed et al., 2019). Jerónimo et al. (2020) explored the role of green staffing, green compensation, and green training and motivation with demographic factors of age and gender in Portugal. Another study also measured the impact of green HR practices on environmental performance with Malaysian respondents of the hotel industry (Yusoff et al., 2020). Likewise, Umrani et al. (2020) analyzed the ways through which green HRM practices can be beneficial in enhancing environmental performance with mediating effect of environmental responsibility and concerns using a hotel industry sample from Pakistan. Another study found green HRM practices, employees’ pro-environmental behavior, pro-environmental psychological capital, and environmental values in multiple sectors of Pakistan (Saeed et al., 2019). Next, Roscoe et al. (2019) predominantly investigated green HRM practices in manufacturing organizations of China. All of the aforesaid research are on the phenomena of GHRM, green behavior, and eco-friendly performance and strengthen the landscape of our study. Despite the presence of green literature in various sectors, we still need to deepen our understanding of the antecedents of environmental performance in the hotel industry because of the dire need for compliance with environmental regulations. The extant work is premeditated to cover the theoretical gaps that are prevalent in the green HRM literature. Although HRM practices have a dominant influence in creating environmental outcomes, few studies have been conducted toward the bonding of HRM practices and environmental performance specifically in the “hospitality” context (Kim et al., 2019; Nisar et al., 2021b). More rigorous research is needed on the studied variables from psychological perspectives to deeply understand the complex nature of pro-environmental behaviors. This study drastically contributes to existing studies while incorporating recent variables of pro-environmental psychological capital and environmental consciousness, which have not been tapped by previous studies.
Green HRM policies generate green employees who are capable to understand and practice green activities (Saeed et al., 2019). Scholars identified that the execution of green HRM is implied by HRM practices such as forecasting, hiring process, training and development, remuneration, and evaluation to accomplish green objectives (Yafi et al., 2021). Authors highlighted that the hotel industry is still reluctant to adopt environmental enhancement technologies because of which they are still facing hurdles in this realm. Moreover, Chan (2021) investigated that in earlier environmental studies, the focus was on other sectors so the hotel industry was neglected except for fewer empirical shreds of evidence. Furthermore Anwar et al. (2020) argued that due to the scarcity of research on performance, there is a need for special consideration toward this phenomenon. In the green HRM domain, in-depth studies have been conducted on environmental management structure application, organizational-citizenship behavior for the environment (Tang et al., 2018), intrinsic motivation, psychological climate (Dumont et al., 2017), pro-environmental psychological capital (Saeed et al., 2019), and other different factors. However, the streamline of inquiries regarding the amalgamation of green HRM practices with ecological outcomes (psychological green climate, pro-environmental psychological capital, pro-environment behaviors, and environmental performance) has been ignored in previous studies. Previously, environmental consciousness has been discussed from the consumer perspective. The variable of environmental consciousness is not studied widely in the area of “green HRM” and “environment management”. Therefore, this study responds to the call of research (Saeed et al., 2019), which highlighted these gaps and emphasized to further explore the moderating part of environmental consciousness to fulfill the dearth of understanding in the context of organizational environmental studies. Thus, this research-based work inspects the moderating effect of environmental consciousness in the given context, which is a unique feature of this study.
LITERATURE REVIEW
Social Cognitive Theory
“Social cognitive” and “resource-based view” are the fundamental theories for this study. “Social cognitive theory” consisted of three core gears such as “environment, person, and behavior”, whereas proficiencies, knowledge, and attitude of an individual generate optimistic actions. In addition, the affirmative collaboration between one and the environment designs the individualistic behavior. Green-human-resource-management practices polish up the workforces’ abilities plus attitude, and then experiences too, and additionally lift the positively acted employees headed for pro-environmental behaviors. Besides, efficacious behavior directs the circumstances toward environmental performance. One owns a high level of green intellectual capital when he/she is appointed, then taught, and arranges for green disciplinary ethics and executes pro-environmental behavior. As far as resource-based view is concerned, Penrose (1959) presented theoretical revolution by introducing RBV, emphasizing the significance of internal resources for firms’ growth (Hameed et al., 2021), which is further explained by Barney (1991) through adding the strength of insubstantial resources as strategic-competitive means and by adding their quality, “rare, valuable and impossible to imitate”. While linking the recently mentioned theory (RBV) with our research work, we found few worthwhile studies like Wernerfelt (1984) and Wright et al. (2001). They have explained how influentially SHRM is linked with RBV theory which support our theoretical framework (see Figure 1). Resource-based view is proved to be a magnifying glass through which practitioners and investigators can better understand and manage HRM strategically, in the same vein can go with green HRM practices.
[image: Figure 1]FIGURE 1 | Theoretical framework.
The social cognitive theory proposes that a range of individualized environs and behaving variables excite pro-environmental behavior, which eventually mends the environmental performance. In addition, pro-environmental psychological capital is capabilities added with knowledge and practical experience of people regarding making an eco-friendly environment to nurture positive behavior outcome; for instance, when the individual grasps understanding, potentials, and skills related to environmental drive, he/she further involves in psychological green climate and pro-environmental behaviors. Environmental performance is likely attained while persons experience solid associational favors and fewer obstacles in shape of green human resource management practices (Bandura, 1999; Sawitri et al., 2015; Singh et al., 2020).
Green Human Resource Management Practices and Pro-Environmental Psychological Capital
Employers’ ability to attract the human capital equipped with the innate ability and desire of environmental compliance has always been a concern of critical nature (Jabbour et al., 2008). Recruitment and selection in the context of the greening convention is a preliminary step in the process of the green HRM cycle (Shafaei et al., 2020). Previous empirical work on the subject matter (Renwick et al. 2013) has bifurcated the green recruitment and selection in three distinct aspects, i.e., the degree of penitential candidates’ green awareness, employer branding supplemented with greening convention, and the specific green criterion to attract the pool of potential applicants. Each of these established aspects of green recruitment and selection is logically linked to the other aspects of the individual and organizational level. For instance, at the individual level, the degree of candidates’ green awareness is merely a reflection of candidates’ personality features like green-consciousness, green-conscientiousness, and green-agreeableness. Environmental laden consciousness of staff at the workplace triggers them to acquire environmental knowledge compatible with their work process—a catalyst for the environmental performance of the organization (Perron et al., 2006). Second, green employer branding helps the potential candidates to evaluate the organizational green values with their own environmental values, which in turn supports them to judge as to how the employees are being treated in the organization. Hence, green employer branding attracts a reasonable pool of potential applicants (Jabbour et al., 2013). Third, as suggested by Renwick et al. (2013) as an integral part of the evaluation criteria, candidates should be judged against the degree of environmental knowledge. Pro-environmental psychological capital according to Norton et al. (2012, 2015) is “what an employee understands and perceives about firm’s guidelines, processes and practices regarding environmental sustainability”.
H1: Green recruitment and selection is significantly attached to pro-environmental psychological capital.
Sammalisto and Brorson (2008) affirmed that training can enhance employees’ environmental knowledge, skills, and awareness. Organizational training programs on environmental knowledge increase employees’ pro-environmental behavior. Such programs at the organizational level build an understanding of environmental protection among employees, and resultantly trigger them to acquire knowledge on antecedents of environmental pollution and their respective remedies (Haider and Kayani, 2021). Observance of environment-friendly corporate practices and training triggers employees’ pro-environmental behavior (Dias-Sardinha and Reijnders, 2001). Literature suggests that corporate trainings enriched with green environmental contents can increase the likelihood of employees’ initiatives toward a healthy environment.
H2: Green training and development is significantly tied up to pro-environmental psychological capital.
Green performance management and appraisal process remains a systematic process of employees’ performance evaluation related to the management of the environment (Jabbour et al., 2008). Although balancing metrics has been a well-known methodology of measuring environmental performance management (Jackson et al., 2011), there is a heavy criticism on the face of the metrics balancing technique for not being effective (Kuo et al., 2012). Considering the dearth of need for environmental performance management practices, the selection of standard and industry-driven practices has been a priority for the organizations. The argument of Hermann et al. (2007) is of central importance for the efficacious employment of environmental performance appraisal management. They are of the view that green performance management should be part of a formal performance appraisal system wherein employees are rewarded (monetarily and non-monetarily) according to their performance during a certain performance appraisal cycle. Therefore, the inclusion of several key environmental performance indicators in the formal appraisal of employees is more than logical. Such a comprehensively administered performance appraisal system is most likely to build a pro-environmental psychological capital.
H3: Green performance management and appraisal is significantly associated to pro-environmental psychological capital.
When employees are empowered to take part voluntarily in environmental performance management, they are more inclined to identify the current and potential environmental risks and their fixed strategy accordingly (Renwick et al., 2013). There are several empirical evidences that employees’ volunteer involvement in organizational environmental performance management improves the overall environmental management system (Tseng et al., 2013). For example, measuring the degree of employees’ involvement in green practices and initiatives has been possible after the appearance of the work. They offered a five-point criterion for the purpose, which includes green vision, climate, communication channel, practices, and involvement. Employees’ participation in green management practices is more likely to be enhanced through green activities (Vallaster, 2017). Empowering employees on the subject matter is associated to the provisioning of opportunities to the employees for quality enhancement of existing management practices and to solve other environmental issues as well, which in turn builds a pro-environmental psychological capital. There are consistent evidence that climate has an affirmative relationship with employees’ behavior (Schneider et al., 2013). It is also a well-established fact that green environment–laden strategies and policies of the organizations supplement a notion of environmentally responsible firm to the stakeholder, which in turn builds pro-environmental psychological capital. Hence, drawing on the preceding evidence, we hypothesize that
H4: Green empowerment is significantly associated to pro-environmental psychological capital.
Pro-Environmental Psychological Capital and Psychological Green Climate
The pro-environmental psychological climate is well defined through the following statements: “an employee’s perceptions as well as elucidation of administrative rules, procedures, and exercises regarding environmental performance (Saeed et al., 2019). Such environmental strategies support to build a pro-environmental psychological capital. This chain continues till the development of a psychological climate”. The literature further supports that “pro-environmental psychological capital is merely a reflection of individual values concerning the environment, and these environment-laden values are the significant determinants of psychological green climate” (Dumont et al., 2017). These statements also reflected that pro-environmental psychological capital facilitates the interconnection between green HRM and the psychological green climate. Based on these evidences, we hypothesize that
H5: Pro-environmental psychological capital is significantly in relation with psychological green climate.
Psychological Green Climate and Pro-Environmental Behavior
The psychologists of the environmental domain have acknowledged that contextual factor such as psychological climate has a relationship with green behavior (Bamberg and Möser, 2007; Littleford et al., 2014). The subject of organizational behavior has long been acknowledged by the fact that institutional “culture and climate” are the momentous forecasters of employees’ attitudes and behavior (Schneider et al., 2013). Also, when these worker’s attitudes and behaviors go toward environmental sustainability, these will be known as employee’s pro-environmental behaviors (Ones and Dilchert, 2012).
Organizational climate has been distinct as “employees’ allocated perceptions and interpretations of organizational SOP’s, the processes that convert policies into strategies, and the predictable practices rewarded by the organization” (Norton et al., 2014). Psychological climate shapes employees’ behavior (Rousseau, 1985). In contrast, psychological green climate is the organizational supportive environment that compels workers to get information and follow ecological practices (Naz et al., 2021). Specific to the current study’s context, previous scholarships have acknowledged that green psychological climate is clearly interconnected with employee green behavior in a positive manner (Dumont et al., 2017). Drawing on these arguments, we expect the existence of a relationship between green psychological capital and employees’ pro-environmental behavior. This is because personnel are more intended to exhibit behaviors having the best compatibility with organizational policies, procedures, and practices (Schneider et al., 2013). Therefore, in view of the aforementioned arguments, we hypothesize that
H6: Psychological green climate is significantly related to pro-environmental behavior.
Pro-Environmental Behavior and Environmental Performance
Employees’ pro-environmental behavior has a relationship with the environmental performance of an organization (Perron et al., 2006). Previous scholarships have confirmed that employees’ volunteer behavior improves organizational performance (Podsakoff and MacKenzie, 1997). The empirical work of Walz and Niehoff (2000) has concluded that employees’ citizenship behavior impacts organizational performance. Nielsen et al. (2009) performed a content analysis of more than 35 studies on the subject and established that employees’ volunteer behavior has a positive relationship with firm performance. Daily et al. (2009) argued that employees’ environmental initiatives directly impact the environmental performance of the organization. On the same line, Rasool et al. (2019) confirmed that employees’ eco-friendly actions improve environmental performance. Drawing on these empirical evidences, we hypothesize that
H7: Employees’ pro-environmental behavior is significantly connected to environmental performance.
Moderating Role of Environmental Consciousness
Specifically, “environmental consciousness” is a psychological concept of how much an individual has familiarity about emotional and behavioral stance regarding environmental safety (Khrushch and Karpiuk, 2021). Environmental consciousness is a term characterized by human efforts for the inclusion of ecological well-being into the practical life; narrowing the concept a bit more, environmental consciousness is a state wherein individuals strive to develop the habit of good treatment with nature or the environment (Zhang and Sun, 2021). Environmental consciousness determines the individuals’ pro-environmental behavior (Zelezny and Schultz, 2000) and also refrains the individuals from performing anti-environment friendly practices (Grunert and Juhl, 1995), which in turn fuels the organizational interest to increase the environmental performance through delivering environment-friendly products (Pudaruth et al., 2015). These arguments lead us to assume that environmental consciousness regulates the interrelationship of pro-environmental behavior and environmental performance. Hence, our hypothetical statement is
H8: Environmental consciousness moderates on the relationship between pro-environmental behavior and environmental performance.
METHODOLOGICAL APPROACHES
Sampling Criteria, Design, and Statistics
Data were collected from three-star, four-star, and five-star hotels in three main big, famous, and densely populated cities of Pakistan, namely, Lahore, Karachi, and Islamabad located in Punjab province. These cities were selected because hotels located here are under Pakistan Hotels and Restaurants Act 1976, strictly governed and administered by the authorities (Punjab food authority), and were issued showcase notices and imposed heavy fines in case of violations of stated parameters. Fifty hotels were targeted from the selected cities, and target population was almost 1,150. The elements under examination in the present study were the managerial employees, and the unit of analysis for this study is individual. Following the criterion proposed by Krejcie and Morgan (1970), a sample size of 291 was deemed appropriate. G*Power was used to confirm the sample size. Power analysis of G*Power was employed to estimate the appropriate sample size based on given statistical parameters (Faul et al., 2007). By using four predictors, the medium effect size convention of 0.15, and a significance level of 0.05, an appropriate sample size was calculated, and this study obtained a sample size of 265 at the statistical power of 0.95.
The researchers had collected data from a “management cadre of five-star hotels” that occupied at least 2 years’ experience to increase the adequacy of data. The respondents were also intrigued whether they received any kind of hotel training or educational programs for environmental safety measures to assess whether those hotels were implementing green HRM practices on their premises. Since then, researchers aimed to collect data only from those hotels that were introducing green HRM practices through using cross-sectional design methodology. The presented scholarship considered a hotel as a “green hotel” in case it obtained any sort of green hotel authorization. Several steps had to be completed before the data could be collected. A letter of authorization for data collection and a request letter for the employees list were submitted to the human resource departments of selected hotels. The purpose of the study was explained in a written introductory and approval letter that was sent to the concerned authorities of the selected hotels, and after their formal acceptance, data were collected by using the personally administered survey method. Hotel managers were communicated about the purpose of the survey and anonymity and confidentially of data were promised; thus, they voluntarily joined in the self-administered survey and retorted to the queries. Hotels were visited to collect the responses after having an appointment with the HR departments. Respondents were informed about the purpose of survey, and surveyors were hired to approach them for data collection.
The judgmental sampling procedure was used for data collection. The rationale behind using purposive selecting is that hotels having high ratings correlate to their promise to adhere to quality standards, performance excellence, well-organized and steadfast people equipped with formalized managerial levels, outstanding operational quality, and above all treasured customers service and performance. The questionnaires were given to the respondents once they consented to participate in the survey. The completed surveys have to be submitted to the appropriate authority by the respondents. In addition, the HR department was responsible for putting all completed questionnaires into the stamped envelope provided by the researchers. The questionnaires were distributed and collected between June and September 2021. In total, 670 questionnaires were distributed and 410 arrived back with a 61% reply rate, but 374 were found ineffective for further analysis due to missing values.
Measures
Four dimensions of green HRM practices are 1) green recruitment and selection, 2) green training and development, 3) green performance management and appraisal, along with 4) green empowerment. Constructed on a latest literature by Tang et al. (2018), three items were used for green recruitment and selection, four items were used for green training and development, and four items were presented for green performance management and appraisal. Moreover, a six-item scale was adapted from a study by Jackson et al. (2011) to measure the green empowerment. Based on a study by Chou (2014), a five-item scale was utilized to compute the pro-environmental psychological capital. Besides this, the five-item scale was applied to calculate the psychological green climate, which was settled by Norton et al. (2014). A scale with three items was adapted from a previous study by Frese et al. (1997) to calculate the pro-environmental behavior. Furthermore, this study adapted a seven-item scale to quantify the environmental performance of hotels that was developed by Kim et al. (2019). Content validity was accomplished by sending the measuring instrument to five consultants who were inclusive of two hotel managers from human resource department and three specialized educationists (assistant professors) in hospitality management. According to their suggestions, some minor amendments were made.
Findings
This present-day research work deployed partial least squares-SEM meant for assessing the projected hypothesis by means of Smart PLS 3. For this reason, it is extensively applied and is believed to be the latest calculation practice in all commercial concerns, notably in the hospitality and tourism sectors (Parvez et al., 2022). Here, empirical exploration meant to predict plus to explain the considered latent variables derived from contemporary theory. Partial least squares-SEM has been stroked as an effective technique when the subject matter is to be tempted for the purpose of enforcing the structural modeling in the elucidation and estimation of constructs (Hair et al., 2016). In addition, it is presumed to be a stretchy technique for model valuation (Ringle, Wende and Will, 2005). Ease of work with respect to low sample extent is another source of motivation to use the aforementioned skill in comparison with Amos and data normality (Hair et al., 2016); hence, currently, to resolve the said issues, the previously stated technique is being used. In addition, PLS algorithm and bootstrapping process is being made to catch factor loadings to quantify the construct validity besides internal consistency reliability (Parvez et al., 2022), along with path coefficients, and relevant significant level for hypothesis trial. At the earliest, the measurement model and then estimations were established by way of structural model valuation.
Data Normality
Even though PLS-SEM is a “non-parametric” calculation device and does not compel the normal distribution state of data as identified earlier, the normality distribution need not to be neglected before setting on some inferential statistics (Hair et al., 2007). Accordingly, by following the procedures listed by Munro (2005), this examination measured the data normality via the skewness, besides kurtosis, and histogram plots. Outcomes opened those values of all latent variables that lie in the restricted threshold (so as for skewness and kurtosis, range values have to be between −2 and +2), understanding that the data were normally distributed. Meanwhile, stated findings delineate that there is no dispute of abnormality of data, so analysis can go to the next stage through PLS-SEM.
Common Method Bias
Probably, common method bias (CMB) can go with our data owing to the nature of the research design as single source data assemblage, i.e., simply from hotel managers. Preceding inquiries pronounced that complete “collinearity test” could be organized to catch whether the record was flickered with common method biasness while using structural equation modeling (SEM) into partial least squares (PLS-SEM) procedure Kock (2015). Proclaiming on the aforesaid study by Kock (2015), standing work endeavored to estimate common method bias by observing variance inflation factors (VIFs) observed over a full collinearity examination. The marks of VIF determine whether the cut-off value higher than 3.3 means that the estimated model might go with the question of CMB, and if the values are slightly lower than the said value, 3.3, then the established model could be acknowledged as spare from CMB. Auspiciously, the end result demonstrated that all VIF totals for all studied latent variables lie below the said cut-off value in that way claiming that the data were not contaminated with the error of CMB in existent research. Summing up, the current study did not encounter CMB and can proceed.
Measurement Model Assessment
As mentioned previously, first, the measurement model was tested to estimate the reliability + validity of the data. The internal consistency of the variables was appraised by measures of internal consistency reliability called composite reliability (CR). As can be seen in Table 1 and Figure 2, the CR value of extant data of the study lied from 0.792 to 0.942, which were found to be above the normal threshold value of 0.70 (Hair et al., 2016). In addition, there comes convergent validity done by average variance extracted (AVE) plus discriminant validity through the Fornell–Larcker criterion to assess the construct validity of the used instrument (Ab Hamid et al., 2017). The AVE value ranged from 0.501 to 0.81, which embarked that data had convergent validity as a prescribed criterion (Ab Hamid et al., 2017). The said criterion suggested that convergent validity should be adequate if AVE is greater than 0.5 and computed factor loadings of all items were greater than 0.5.
TABLE 1 | Convergent validity
[image: Table 1][image: Figure 2]FIGURE 2 | Measurement model assessment.
Furthermore, for testing discriminant validity, the square roots of each construct’s AVE were premeditated (Fornell and Larcker, 1981). Results proved that diagonal wise, the square root of the AVEs in the case of all studied constructs is larger than the correlations from all other constructs in the model. In the same vein, the answers from Heterotrait–Monotrait Ratio (HTMT) confirmed discriminant validity of the measurement shown in Table 2, which demonstrated that all values are not as much as that of the confirmed cut-off value of 0.85 as debated by Fornell and Larcker (1981), and if values are less than 0.85, then the measurement established its discriminant validity. Collectively, both results guaranteed that discriminant validity is not a hazard to the prevailing research.
TABLE 2 | Discriminant validity (HTMT ratio)
[image: Table 2]Structural Model Assessment
Structural modeling was executed for hypotheses assessment in green hotels’ perspective once it is confirmed that the model is reliable and valid by means of weighing measurement model. Path coefficients, plus t-values, as well as standard errors are computed to define that model and relationships are significant with collected data. The values of path coefficients revealed whether hypotheses were supported or otherwise. Bootstrapping formula was considered in Smart PLS 3 (Ringle et al., 2005) to guesstimate the main and moderation effects. As shown in Figure 3 and Table 3, green recruitment and selection practices are not associated in a significant manner with pro-environmental psychological capital (β = −0.112, t = 2.17; LL = −0.214, UL = −0.019); in this manner, H1 is denying support. The answers also bear that there was a statistically significant association between green training and development and the pro-environmental psychological capital of green hotels (β = 0.266, t = 4.673; LL = 0.153, UL = 0.372), thus supporting H2.
[image: Figure 3]FIGURE 3 | Structural equation modeling.
TABLE 3 | Path analysis
[image: Table 3]In addition, it was revealed that green performance management has a significant relationship with pro-environmental psychological capital of green hotels (β = 0.182, t = 3.727; LL = 0.085, UL = 0.269), therefore accepting H3. Next, green empowerment is also positively related to pro-environmental psychological capital (β = 0.398, t = 9.087; LL = 0.309, UL = 0.475) for green hotels; thus, H4 is supported. Pro-environmental psychological capital is significantly related to psychological green climate (β = 0.425, t = 9.346; LL = 0.333, UL = 0.511); thus, H5 is also empirically supported. In addition to this, psychological green climate has a significant relation with pro-environmental behavior in green hotels (β = 0.325, t = 7.24; LL = 0.223, UL = 0.411), claiming support for H6. Pro-environmental behavior has a significant and positive association with environmental performance (β = 0.387, t = 9.198; LL = 0.308, UL = 0.472); thus, H7 is supported for green hotels. Last but not least, environmental consciousness significantly and positively moderates the relation between pro-environmental behavior and environmental performance (β = 0.184, t = 3.657; LL = 0.08, UL = 0.282), thus receiving support for H8 in case of green hotels.
DISCUSSION
The current decade has witnessed growing academic interest to scrutinize the contribution made by green HR practices to environmental performance (Razab et al., 2015; Guerci et al., 2016; Kim et al., 2019; Anwar et al., 2020). The current study is one of the steps further to extend the prior composed work on the relationship between green HRM practices and environmental performance. In this milieu, the current study introduced the four underlying key constructs, pro-environmental psychological capital, psychological green climate, pro-environmental behaviors, and environmental consciousness, to support the connection between green HR practices and environmental performance in the Pakistani hotel industry. These four constructs have a vital contribution to support the positive contribution of green HR toward environmental performance. Furthermore, the current study considered four key capacities of green HR, namely, 1) green recruitment and selection, 2) green training and development, 3) green performance management and appraisal, and 4) green empowerment. Therefore, to address the objective of this study, eight hypotheses were proposed by using shreds of evidence from previous studies.
The findings indicate that four dimensions of green HR practices have a key contribution to pro-environmental psychological capital. Green recruitment and selection has a significant positive influence on pro-environmental psychological capital, which is consistent with the findings by Saeed et al. (2019). This relationship is ignored by the literature, as merely rare studies examined the role of green HR practices in psychological capital. For instance, Gupta (2013) examined the bond between HR practices and psychological capital; however, pro-environmental psychological capital is not considered. Furthermore, it is found that green training and development, green performance management and appraisal, and green empowerment have a positive influence on pro-environmental psychological capital. The findings of the study are aligned with the previous literature (Daily et al., 2009; Datta, 2015; Muster and Schrader, 2011; Paill´e et al., 2014), which emphasize that green HRM practices support employers to foster a greener perspective and perform favorable actions toward the environment such as saving water and energy, and using recycled items. If those employees are hired who know the environmental image and policies, they will be psychologically and proactively responsible for saving their environment.
Moreover, pro-environmental psychological capital has an optimistic effect on the psychological green climate. The psychological climate is one of the outcomes of employee social interactions whereby workforces determine the different standards of organizational policies, practices, as well as measures that they both meet and detect in the workplace (Kuenzi and Schminke, 2009). The employees interpret the organization’s HR practices and policies, and will in turn form their perceptions of the organization and its values (Bowen and Ostroff, 2004; Kaya et al., 2010). These values of organizational policies, as well as practices, are grounded on pro-environmental psychological capital. Determination of organizational values and policy is connected with the pro-environmental psychological capital. Therefore, consistent with the current study, pro-environmental psychological capital has a positive influence on the psychological green climate. During the cognitive process, hotel employees will develop their confidence and motivation, which is pro-environmental psychological capital concerning the psychological green climate. When an organization plans a robust environmental agenda, the pro-environmental psychological capital is most crucial to enhance psychological green climate. Therefore, along with results of the current study, previous studies also show the connection between pro-environmental psychological capital and psychological green climate. The correlation between pro-environmental psychological capital and psychological green climate is unique, which is rarely studied by the previous investigation; particularly, in the hotel industry, this relationship is unique.
Furthermore, this study examined that psychological green climate possessed a positive influence on pro-environmental behaviors. Various previous studies discussed the pro-environmental behaviors and psychological green climate (Dumont et al., 2017; Lacasse, 2016; Unsworth et al., 2013; Whitmarsh and O'Neill, 2010). Consistent with the present-day study, previous studies also provided evidence of the relationship between pro-environmental psychological behavior and psychological green climate, as the psychological climate is a prodigal estimator of human behavior among organizations (Rousseau, 1985). It is also highlighted by Dumont et al. (2017) that psychological green climate has a significant influence on task-related environmental behavior in addition to voluntary environmental behavior. Therefore, the psychological green climate has a noteworthy influence on pro-environmental psychological behaviors, which is consistent with the previous studies.
Along with this, the current study expression is that pro-environmental behaviors have a positive influence on environmental performance. Therefore, from the aforementioned discussion, it is evident that four dimensions of green HR practices, green recruitment and selection, green training and development, green performance management and appraisal, and green empowerment, have a positive influence on pro-environmental psychological capital, pro-environmental psychological capital has a positive influence on psychological green climate, the psychological green climate has a positive influence on pro-environmental behaviors, and finally, pro-environmental behaviors have positive influences on environmental performance. Therefore, it is proved that the unique relationship between green recruitment and selection, green training and development, green performance management and appraisal, green empowerment, pro-environmental psychological capital, psychological green climate, and pro-environmental behaviors has a vital role to enhance environmental performance concerning the hotels. In addition to this, another key investigation of this study is the interaction effect of environmental consciousness. The current study proved that, along with the other variables, environmental consciousness is also a key contributor toward environmental performance in hotels. Environmental consciousness influences positively hotel environmental performance by strengthening the positive relationship between pro-environmental behaviors and environmental performance. Hence, in addition to the environmental consciousness, the unique relationship between green HR practices, pro-environmental psychological capital, psychological green climate, pro-environmental behaviors, and environmental consciousness has a major role to promote a hotel’s environmental management practices.
Theoretical Contribution
The theoretical implications of the current study are divided into four major sections. First, the current study introduced pro-environmental psychological capital as a unique construct about green HR practices and environmental performance. Pro-environmental psychological capital is rarely studied in previous studies to promote environmental performance. Particularly, the consideration of pro-environmental psychological capital in the hotel business of Pakistan is not well proven in the prior work. Second, the psychological green climate is another key construct that has a major role in increasing the environmental performance of hotels. Several previous studies were carried out on pro-environmental psychological capital and psychological green climate; however, the influence of pro-environmental psychological capital on psychological green climate is not considered in the previous studies. Third, the current study is one of the pioneer studies that examined the pro-environmental behaviors in Pakistani hotels. Pro-environmental behavior is one of the newly developed constructs, which is not studied in environmental performance. By presenting the underlying mechanism from green HRM practices toward psychological outcomes (psychological green climate, pro-environmental psychological capital, pro-environment behaviors, and environmental performance), the research intended to extend the routine inquiry. When green attitude employees are given green empowerment, their attitude toward creating a green environment is enhanced that forces them to be aware of their anti-environment actions (creation of pollution). SCT strengthens our model that if employees experience psychological empowerment, they act proactively and feel motivated to conserve water and energy usage. Another theory of RBV supports our research while putting humans at the core focus of inquiry for achieving the objective of environmental performance. If the green HRM practices are deployed, employees will become capital for organization and perform environmentally friendly actions. Fourth, regarding all these variables, the current study also introduced environmental consciousness. The moderating role of environmental consciousness is not considered by the previous studies (Pham et al., 2019). Hence, this study added to the literary knowledge by investigating the moderating role of environmental consciousness in the relation of pro-environmental behaviors and environmental performance. If the individuals are conscious about their behavior and its unfavorable impact on the environment, then they deliberately do positive actions to advance environmental performance. Furthermore, the existing study presents the empirical evidence to social cognitive theory. Our research model affirms the notion as asserted in SCT that when competent green individuals are hired and trained effectively, they become pro-environmental psychological capital and perform pro-environmentally friendly activities, which in turn foster environmental performance. The lens of SCT is extended in the current paper by proclaiming that if environmental measures and protection tasks are promoted through green HRM practices, the reputation and position of the hotel will increase (Bandura, 1999; Sawitri, Hadiyanto and Hadi, 2015; Singh et al., 2020).
Practical Implications
Together with the theoretical contribution, the presented study has a significant contribution to the practice. This study has vital importance for the hotel management to promote environmental performance. Majorly, the current study is important for those hotels that are trying to adopt green HR practices. Pacifically, the current study provided several suggestions to the practitioners while making the strategy to promote environmental performance with the help of green HR practices through various ways. First, this study investigated that green HR practices (green recruitment and selection, green training and development, green performance management and appraisal, and green empowerment) have a positive influence on pro-environmental psychological capital. These findings assist the hotel management to enhance pro-environmental psychological capital by promoting green recruitment and selection, green training and development, green performance management and appraisal, and green empowerment for the promotion of environmental performance. Second, the current study found that pro-environmental psychological capital has a positive effect on the psychological green climate. Therefore, hotel management should enhance pro-environmental psychological capital to enhance psychological green climate, which is helpful to promote the relationship between green HR practices and environmental performance. Third, it is investigated that psychological green climate has a key contribution to promote pro-environmental behaviors, which are vital to transforming the influence of green HR practices toward environmental performance. Thus, with the help of the current study, hotel management should highlight the role of psychological green climate while making the strategies for hotel environmental performance. Fourth, this study also suggested to the hotel management to enhance the pro-environmental behaviors to facilitate environmental performance among hotels. Fifth, finally, the current study provided major practical implications about the environmental consciousness. The environmental consciousness provided major insights for the hotel management to promote the positive role of pro-environmental behaviors on environmental performance. Hence, the relationship between green HR practices, pro-environmental psychological capital, psychological green climate, pro-environmental behaviors, and environmental consciousness provided vital insights for the hotel management and environmental management companies to promote environmental performance.
Limitations
Even though the recent revision has a significant role in the literature and practice, this study also has a few limitations, which possibly will be the future direction. First, the current study considered four green HR practices: green recruitment and selection, green training and development, green performance management and appraisal, and green empowerment. Therefore, the current study is limited to the four green HR practices; thus, future studies should also consider other green HR practices to increase the contribution. Second, the current study is limited to the hotels of Pakistan. The hotel environmental practices have a significant difference from country to country. Therefore, the results of this study may not apply to various developed countries. In this direction, future studies should be carried out to examine these practices in various industrialized countries to compare results with the current study. Third, the sample of this study includes respondents from various hotels and restaurants. The involvement of respondents from various hotels and restaurants may influence the results of this study; therefore, in the future, only one prominent hotel or restaurant should be selected to test the role of green HR practices in environmental performance rather than to select many hotels and restaurants.
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The spatial relationship between high-tech industrial agglomeration and urban ecological efficiency has been a widespread concern. This study empirically analyzed the bidirectional influence relationship between high-tech industrial agglomeration and urban ecological efficiency and its spatial spillover effect by constructing a spatial simultaneous equation model, and based on the classification of urban resource endowment, this paper studies the heterogeneity of spatial spillover effects between high-tech industrial agglomeration and urban ecological efficiency based on the sample data of 285 cities in China from 2004 to 2017. The empirical results reveal the following: first, there is a two-way promoting effect between high-tech industrial agglomeration and urban ecological efficiency; second, there is a significant spatial spillover effect of urban ecological efficiency, that is, the urban ecological efficiency in this region is significantly positively correlated with the urban ecological efficiency in neighboring regions; third, there is a significant difference in the regional interaction between high-tech industry agglomeration and urban eco-efficiency, that is, the urban eco-efficiency in the neighboring areas has a significant negative impact on the regional high-tech industry agglomeration, while the high-tech industry agglomeration in the neighboring areas has a negative but not significant impact on the regional urban eco-efficiency; fourth, the spatial interaction spillover effects between high-tech industrial agglomeration and urban ecological efficiency are heterogeneous in terms of regional resources, and the results of regional interaction and spatial spillover effects are better in the sample study.
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1 INTRODUCTION
Eco-efficiency not only plays an important role in the global climate but is also the key to facilitating the transition from high-speed to high-quality economic development. However, high energy consumption, high emission, high pollution, and other extensive development modes have not been fundamentally changed, which has brought many environmental pollution and ecological damage problems. With the increasingly sharp contradiction between economic development and environmental resources, ecological efficiency problems have attracted wide attention from all directions. The coordinated development of economic development and environmental resources is an important prerequisite for the construction of ecological civilization. The essence of achieving high-quality economic development lies in technological progress. It is of great significance to promote the transformation of social development mode through high-tech development and replace the traditional high energy consumption and high input production mode.
Ecological efficiency emphasizes the coordinated development of the economy and environment and takes the minimum input of resources and environment consumption as the core to achieve the maximum economic and social benefits. Ecological efficiency mainly reflects the impact of resources and environment on economic activities, and ecological efficiency evaluations reflect the regional ecological status and the level of input and output, which is conducive to solving the problems of ecological environment governance. Existing literature mainly focuses on the research of ecological efficiency in micro-enterprises and industries (Dyckhoff and Allen, 2001), and studies on regional and urban ecological efficiency also have important value and practical significance (Hur et al., 2004; Seppala et al., 2005). Due to the differences in development modes and resource endowments, the development of ecological efficiency between different cities is not the same. Therefore, it is of great significance to analyze the differences in urban ecological efficiency among different regions.
Many scholars have researched the influencing factors of ecological efficiency to alleviate the downward pressure of the economy and environment. At present, the relevant literature on the influencing factors of ecological efficiency mainly focuses on the following aspects: first, the relationship between ecological efficiency and technological innovation. Liu et al. (2019) used the Boostrap regression model to analyze the influencing factors of urban ecological efficiency and found that technological progress was the main driving force for the improvement of urban ecological efficiency in Henan Province. Song et al. (2020b) found that pilot low-carbon city policies of China improve urban ecological efficiency through technological innovation paths. Technological progress improves energy efficiency and thus reduces emissions, which can make up for the loss of ecological efficiency to some extent, and also improves the dynamic ecological efficiency of urban agglomeration (Li T. et al., 2021b; Li Z. et al., 2021a). In addition, the public budgets for energy RD&D also affect air pollution levels, and the impact of technological innovation on eco-efficiency is significantly positive at both national and regional levels (Balsalobre et al., 2015; Yasmeen et al., 2020; Kassouri, 2022). The second is the relationship between ecological efficiency and industrial structure. Industrial structure has a positive effect on ecological efficiency, and the sustainable development of the ecosystem can be realized by transforming resource-intensive industries into technology-intensive industries (Zhao et al., 2020). Wang et al. (2020a) found that urban agglomeration development is conducive to improving regional ecological efficiency. With the improvement of the efficiency of urban agglomeration, the gap of eco-efficiency between cities continues to expand, and industrial structure and innovation intensity have a positive impact on eco-efficiency (Xu and Wang, 2020). The third is the relationship between ecological efficiency and behavioral consciousness. Zhang et al. (2020) consider that improving education levels can enhance people’s awareness of environmental protection and conservation, thus improving ecological efficiency. Population agglomeration and economic development have a significant negative impact on urban ecological efficiency, and the development of higher education and medical services significantly promote the improvement of urban ecological efficiency (Zhang et al., 2020; Shen et al., 2021; Si et al., 2021). Financial behavior has a heterogeneous influence on total factor green productivity and promotes coordinated development of the economy and environment (Liu et al., 2020; Li Z. et al., 2021b; Li Z. et al., 2021c). Financial development alleviates environmental pressure through innovation and technology introduction (Haas et al., 2021; Sardo and Serrasqueiro, 2021; Wang M. et al., 2021; Yao et al., 2021). Through literature review, it is found that scholars have studied the influencing factors of ecological efficiency from different perspectives, and technological progress is closely related to ecological efficiency. Technological progress reduces pollutant emission and energy consumption through optimizing industrial structures.
Ecological efficiency varies across different locations and timelines. Ecological efficiency and technological progress form a certain degree of spatial differentiation and agglomeration. There are some differences in resource endowment and environmental conditions in different regions, which leads to unbalanced economic development among regions, and also leads to the spatial diversity and difference of urban ecological efficiency among regions. There is a serious imbalance in ecological efficiency between regions, and ecological efficiency has an obvious spatial aggregation effect (Ma et al., 2018; Li, 2019; Shi and Huang, 2019). Wang Z. et al. (2021) empirically analyzed the spatial and temporal dynamic evolution of urban ecological efficiency and its driving factors in the Yellow River Basin and found that the overall spatial pattern of urban ecological efficiency in the middle reaches was higher than that in the upper and lower reaches. The spatial agglomeration of high-tech industries has an impact on urban ecological efficiency. The impact of industrial agglomeration on eco-efficiency is mainly reflected in two aspects. On the one hand, with its own scale effect, industrial agglomeration promotes the improvement of energy efficiency through knowledge spillover and high-tech diffusion, which is conducive to alleviating environmental pressure (Liu J. et al., 2017). On the other hand, industrial agglomeration is often accompanied by the expansion of city scale and the increase of population density, which leads to the increase in energy consumption and regional environmental pollution (Liu S. et al., 2017). In the past, the one-way impact of technological progress on ecological efficiency was mainly studied, and there was a lack of literature on the relationship between the two. Based on the above analysis, it is preliminarily predicted that there is a bidirectional influence between high-tech industrial agglomeration and urban ecological efficiency. However, ecological efficiency has spatio-temporal differentiation, and high-tech industries form agglomeration in space. It is of practical significance to study the spatial impact and spillover effect of high-tech industry agglomeration and urban ecological efficiency. The relationship between high-tech industry agglomeration and urban ecological efficiency should be empirically concluded through relevant models.
This paper focuses on the spatial spillover effects between high-tech industrial agglomeration and urban ecological efficiency. The marginal contribution is mainly as follows: First, the interaction between high-tech industrial agglomeration and urban ecological efficiency is studied. Through the empirical test, there is a two-way promoting effect between high-tech industrial agglomeration and urban ecological efficiency. Second, the spatial simultaneous equation model combined with the three-stage least square method is used to test the spillover effect between regions under the geographical distance space matrix and economic-geographical space weight matrix respectively. Third, considering the regional interaction between high-tech industrial agglomeration and urban ecological efficiency, the significant difference between them is studied. Fourth, all samples are divided into resource-based cities and non-resource-based cities according to different resource endowments, and the heterogeneity of spatial interaction spillover effect between high-tech industry agglomeration and urban eco-efficiency is studied.
The rest of this paper is structured as follows: the second part is the theoretical analysis part of the paper, and puts forward the research hypothesis. The third part sets up the research model and gives the calculation method of ecological efficiency. The fourth part tests the interaction between high-tech industrial agglomeration and urban ecological efficiency. The fifth part further discusses the resource heterogeneity of different cities and tests the stability of the results. The sixth part summarizes the research conclusions and gives some enlightenment.
2 THEORETICAL ANALYSIS AND RESEARCH HYPOTHESIS
2.1 Two-Way Influence Mechanism of High-Tech Industrial Agglomeration and Urban Ecological Efficiency
The agglomeration effect and innovation effect of high-tech industry agglomeration have a certain influence on urban ecological efficiency. Zeng and Zhao (2009) found that manufacturing agglomeration mitigated the pollution effect, which passed the test of a spatial economic model in two countries and two sectors. Innovation promotes economic development, agglomeration is conducive to knowledge spillover, labor market sharing, and technology expansion. Industrial agglomeration reduces environmental pollution and improves energy efficiency through energy sharing. Yin and Guo (2021) consider that high-tech industrial agglomeration improves industrial productivity through scale effect and agglomeration effect, promotes technological progress, and optimizes industrial structure to protect the environment. As knowledge-intensive and technology-intensive industries, high-tech industries form clusters of talents and technologies with a high degree of agglomeration. The competition formed by agglomeration is the main source of innovation, which is beneficial to the enhancement of independent innovation ability within the region. High-tech industry agglomeration promotes urban ecological efficiency through the agglomeration effect and innovation effect.
Urban eco-efficiency also has an impact on high-tech industrial agglomeration. The improvement of urban ecological efficiency means that the input of resources and environmental factors has achieved greater social and economic benefits. The ecological industry is the key to realizing the green transformation, and the development of ecological industry is beneficial to realize the coordinated development of the economy, society, and environment. Song and Zhou (2021) found that the establishment of national eco-industrial parks promotes industrial agglomeration, and the use of ecological processes to improve energy efficiency and reduce pollution emissions has a long-term, though delayed, impact. The improvement of ecological efficiency promotes the development of a circular economy, which is conducive to the upgrading of industrial structure and sustainable development. Industrial agglomeration is a kind of economic growth model, the improvement of urban ecological efficiency can not only promote high-tech industrial agglomeration by realizing the sustainable development of the industry, but also promote the development of the circular economy of high-tech industry. Based on this, this paper puts forward the first hypothesis.
Hypothesis 1. There is a two-way promoting effect between high-tech industrial agglomeration and urban ecological efficiency.
2.2 Spatial Spillover Effects of High-Tech Industrial Agglomeration and Urban Ecological Efficiency
While agglomeration promotes the technological progress of the industrial chain within the region, its externality has a certain influence on industrial agglomeration in surrounding areas. There is a spatial spillover effect of urban ecological efficiency, that is, the agglomeration of high-tech industries in neighboring areas has an impact on the agglomeration of high-tech industries in the region. Yin and Guo (2021) found that high-tech industrial agglomeration promotes industrial agglomeration in adjacent areas by forming innovative knowledge networks and technology spillover. The agglomeration reflects the convenience of space. The agglomeration of high-tech industries plays a demonstration role to some extent through the spillover of knowledge and technology and promotes the agglomeration of high-tech industries between regions. At the same time, inter-regional industrial agglomeration has the risk of a crowding effect, which leads to the scramble for resources and the negative spatial spillover effect of industrial agglomeration through the “siphon effect.”
The development of urban ecological efficiency is uneven in space, and there are great differences in urban ecological efficiency. There is a spatial spillover effect of urban ecological efficiency, that is, the urban ecological efficiency in neighboring areas has an impact on the regional urban ecological efficiency. Chen et al. (2020) found that industrial agglomeration and ecological efficiency both have spatial spillover effects. The improvement of urban ecological efficiency aims to realize the coordinated development of the economy and environment. The development of ecological efficiency in neighboring cities improves the ecological efficiency of local cities through the demonstration effect. However, environmental regulations between regions lead to the transfer of polluting industries (D'Agostino, 2015; Wang S. et al., 2021). Due to resource consumption and waste gas emissions, the ecological efficiency of cities in neighboring regions hinders the improvement of the ecological efficiency of cities in the region, resulting in the phenomenon of “broken cans.” The spatial spillover effect of high-tech industrial agglomeration and urban ecological efficiency is affected by many factors and shows complexity. Therefore, this paper proposes the second hypothesis.
Hypothesis 2. Both high-tech industrial agglomeration and urban ecological efficiency have a spatial spillover effect.
2.3 Regional Interaction Between High-Tech Industrial Agglomeration and Urban Ecological Efficiency
High-tech industry agglomeration and urban ecological efficiency affect each other between regions. High-tech industry agglomeration in neighboring regions has an impact on the urban ecological efficiency of the region, while the urban ecological efficiency in neighboring regions has an impact on the local High-tech industry agglomeration. Yin and Guo (2021) used the spatial Dubin model to demonstrate the positive spatial correlation between high-tech industrial agglomeration and industrial environmental efficiency. Wang J. et al. (2019) found that technology spillover effectively reduces pollutant emission intensity in neighboring areas using the spatial Dubin model, while agglomeration produces negative environmental effects on neighboring areas through social and spatial networks. On the one hand, the agglomeration of high-tech industries in neighboring areas promotes the improvement of urban ecological efficiency through technological diffusion and plays an exemplary role when technological innovation breakthroughs are achieved in neighboring areas. The local area can learn and imitate the development of local high-tech industries through information exchange, so as to improve urban ecological efficiency. On the other hand, in the process of developing high-tech industries, local cities actively introduce economic, technological, and human resources from neighboring cities. While promoting economic development, it brings serious environmental pollution, which is not conducive to the development of urban ecological efficiency. Urban ecological efficiency in neighboring areas promotes the development of a circular economy through pollution prevention and control and helps to promote the innovative development of high-tech industries. The demand for innovation drives the formation of cross-regional industrial agglomeration, and further enhances the clustering degree of high-tech industries in this region and neighboring regions. At the same time, ecological efficiency and environmental regulation complement each other, and environmental regulation has a direct driving influence on ecological efficiency (Song et al., 2020a), environmental regulation affects the regional environmental pollution level by promoting the trans-regional transfer of polluting industries (D'Agostino, 2015), the development of urban ecological efficiency in neighboring areas inhibits the agglomeration of high-tech industries in this region. Therefore, this paper proposes the third hypothesis.
Hypothesis 3. There is a regional interaction between high-tech industrial agglomeration and urban ecological efficiency.
2.4 Resource Heterogeneity of the Interaction Between High-Tech Industrial Agglomeration and Urban Ecological Efficiency
The agglomeration degree of high-tech industries and urban ecological efficiency is different due to the different modes of industrial production and development among regions, as well as the existence of factors such as different urban locations and resources. Heterogeneity analysis mainly studies the relationship between things from different perspectives and various aspects and studies the heterogeneous characteristics of influencing factors (Li T. et al., 2021a; Li and Ma, 2021). Yu et al. (2018) found that there was regional heterogeneity in ecological efficiency, so as to study the dynamic impact of industrial agglomeration on ecological efficiency. Chen et al. (2020) researched the urban heterogeneity of the impact of industrial agglomeration on ecological efficiency in eastern, central, and western China. The impact of industrial agglomeration on ecological efficiency shows obvious heterogeneity in the scale of cities, so as to effectively improve the coordination between economy and environment. Song et al. (2020b) studied the impact of low-carbon city construction on ecological efficiency in terms of urban heterogeneity. Ecological efficiency is resource-dependent, and cities with a strong dependence on resources are relatively low in ecological efficiency, while cities with less dependence on resources are relatively high in ecological efficiency. Considering the difference in urban resource endowment, cities are divided into resource-based cities and non-resource-based cities. The spatial spillover effect and regional interaction effect of high-tech industry agglomeration and urban ecological efficiency will show different results in different types of city samples. Therefore, this paper proposes the fourth hypothesis.
Hypothesis 4. Spatial spillover effect and regional interaction between high-tech industrial agglomeration and urban ecological efficiency are heterogeneous in terms of regional resources.
3 RESEARCH MODEL AND METHOD DESIGN
3.1 Spatial Simultaneous Equation Model
According to the above analysis, there is a spatial relationship between high-tech industrial agglomeration and urban ecological efficiency. Based on this, this paper adopts the spatial simultaneous equation model and the generalized three-stage spatial least square estimation method to empirically study the spatial spillover effect and regional interaction between high-tech industrial agglomeration and urban ecological efficiency, and to verify the hypothesis mentioned above. The spatial simultaneous equation model is as follows:
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In Eqs 1, 2, [image: image] and [image: image] refer to the high-tech industry agglomeration and urban ecological efficiency of city [image: image] in the [image: image] year, respectively; [image: image] and [image: image] are the control variables affecting high-tech industry agglomeration and urban ecological efficiency, respectively; [image: image] and [image: image] are constant terms; [image: image] and [image: image] are the random error terms. [image: image] is the coefficient estimation of spatial spillover of high-tech industry agglomeration in neighboring cities, representing the intensity and direction of spatial spillover of high-tech industry agglomeration; [image: image] is the coefficient estimation of spatial spillover of ecological efficiency of neighboring cities, representing the intensity and direction of spatial spillover of urban ecological efficiency. [image: image] and [image: image] represent the regional influence relationship between high-tech industry agglomeration and urban ecological efficiency, [image: image] tests the intensity and direction of the impact of ecological efficiency of neighboring cities on the agglomeration of high-tech industries in the region, [image: image] tests the intensity and direction of the impact of high-tech industrial agglomeration on the regional urban eco-efficiency. [image: image] and [image: image] are used to test the endogenous relationship between high-tech industry agglomeration and urban ecological efficiency. For example, the positive or negative signs of the estimated value of [image: image] indicate the promoting or inhibiting effect of urban ecological efficiency on the high-tech industry agglomeration in the region.
[image: image] represents the spatial weight matrix. Due to the uncertainty and complexity of spatial spillover, the spatial weight matrix of geographical distance ([image: image]) based on geographical factors and the economic-geographic weight matrix ([image: image]) based on social-economic factors are constructed respectively in this paper. [image: image] directly calculates a linear distance between each other according to the longitude and latitude coordinates of each city, and takes its reciprocal as weight after dimensionless processing of the linear distance. [image: image] is constructed according to .
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In Eq. 3, [image: image] and [image: image] are the mean of per capita GDP of city [image: image] and all cities in the research sample period, respectively. All the space weight matrices are normalized.
3.2 Measurement of Urban Ecological Efficiency
The evaluation of ecological environment quality involves many aspects of research, including ecological footprint in addition to ecological efficiency (Kassouri, 2021). Ecological footprint mainly refers to the impact of human activities on the ecosystem, and its measurement indicators and data are huge and involve a wide range. In this paper, urban ecological efficiency is studied to reflect the quality of the ecological environment, and the relatively mature research method of energy efficiency is used to analyze ecological efficiency, that is, the total factor productivity method based on the Malmquist index. The change of ecological efficiency is divided into total factor productivity change and factor substitution change. The change of total factor productivity is equivalent to technological progress, and the replacement of factors depends more on the change of relative prices among factors, which intuitively reflects the impact on ecological efficiency.
Ecological efficiency emphasizes the coordinated development of the economy and resources, and it is the input-output efficiency that takes into account all kinds of resource inputs and pays attention to economic output as well as the undesired output of environmental pollution. This paper uses the DEA-Malmquist index method to measure urban ecological efficiency and take the environment into account as an undesired output. DEA-Malmquist index method not only considers labor, capital, and resource input, but also pays attention to expected output and non-expected output, which is the combination of data envelopment analysis method and Malmquist index method.
3.2.1 Date Envelopment Analysis
The data envelopment analysis method is a non-parametric estimation method to study multiple inputs and outputs. It mainly evaluates and observes the dynamic change of subject efficiency through a decision-making unit, which avoids the interference of subjective factors, so as to effectively evaluate the resource allocation efficiency (Shakouri et al., 2019). The BBC model is adopted in this paper and its expression is as follows:
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The constraints are
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In Eqs 4–6, [image: image] represents the input amount of decision-making units (DMU), [image: image] represents the output of decision-making units, [image: image] is the comprehensive efficiency, [image: image] is the number of decision-making units, [image: image] is the weight variable, [image: image] and [image: image] are the residual variable and the slack variable, respectively. [image: image] is an infinitely small quantity, [image: image] and [image: image] are m and k dimension unit vectors, respectively. When π = 1, it indicates that the DMU evaluation obtains the optimal comprehensive efficiency; π = 1 indicates that the evaluation of DMU has not reached the optimal and is invalid.
3.2.2 Malmquist Index Method
The Malmquist index, or total factor productivity (TFP). This index mainly studies the dynamic change process and analyzes the dynamic efficiency change of DMUs from [image: image] period to [image: image] period. The decomposition process of the Malmquist index calculation is as follows:
[image: image]
Eq. 9 is the expression of total factor productivity. [image: image] and [image: image] represent the input and output of the ith DMU in the t period, respectively. [image: image] is the distance function.
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It can be seen from Eq. 10 that, assuming that return to scale remains unchanged, from [image: image] to [image: image], TFP is decomposed into technological progress change index ([image: image]) and technical efficiency change index ([image: image]) based on the distance function.
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In Eq. 11, when returns to scale change, technical efficiency change ([image: image]) is decomposed into pure technical efficiency change ([image: image]) and scale efficiency change ([image: image]). When Malmquist index is greater than 1, total factor productivity increases; On the contrary, the index less than 1 indicates that total factor productivity decreases, while the index equal to 1 indicates that total factor productivity remains unchanged.
4 METROLOGICAL TEST OF THE INTERACTION BETWEEN HIGH-TECH INDUSTRIAL AGGLOMERATION AND URBAN ECOLOGICAL EFFICIENCY
4.1 Variables and Data
Urban ecological efficiency, this paper adopts the DEA-Malmquist index method to measure urban ecological efficiency. Labor, capital, energy, and land are taken as input variables, and real GDP and emissions of “three wastes” are taken as expected output and unexpected output, respectively. Among them, labor input is measured by the number of employees in units of municipal districts at the end of the year; the perpetual inventory method is used to estimate the capital stock, according to the calculation formula: [image: image], [image: image] and [image: image] are cities and years, respectively. [image: image] is the economic depreciation rate, [image: image] is the total fixed capital formation, the fixed capital in the initial year divided by 10% represents the initial capital stock, and the economic depreciation rate [image: image] is set at 9.6% (Zhang, 2008). Energy input is measured by the total energy consumption of municipal districts. Energy input is measured by the total energy consumption of municipal districts. Due to the lack of urban energy data, provincial energy intensity is considered to reverse urban energy consumption, and the total energy consumption of each city is calculated according to the energy consumption per unit output value of each province. Land input is measured by the built-up area of municipal districts. GDP was used to measure the expected output of the city’s ecological efficiency, and the expected output was measured by industrial wastewater emissions, industrial sulfur dioxide emissions, and industrial dust emissions. The GDP data was treated with a deflator. The input-output indicators selected in this paper are shown in Table 1.
TABLE 1 | Input-output variables used to measure urban ecological efficiency.
[image: Table 1]High-tech industry agglomeration, this paper selects the employment density of high-tech industry to measure. According to the calculation formula: [image: image], [image: image] is the number of high-tech industry employment in city [image: image] at time [image: image]. Due to the limited urban statistical data, this paper uses the number of science and technology, technical services, and geological exploration employees in the municipal district instead. [image: image] is the land area of the administrative area of city [image: image] at time [image: image]. The larger the data value is, the higher the degree of high-tech industrial agglomeration in city [image: image] is.
This paper selects a series of control variables that affect high-tech industrial agglomeration and urban ecological efficiency. Economic development level, measured by per capita GDP of municipal districts, the city with better economic conditions is more conducive to the inflow of talents, which will improve the innovation level and facilitate the agglomeration of high-tech industries. With economic development, the increase of energy consumption and emission inevitably brings environmental pollution and affects ecological efficiency. Population density is measured by the number of people per square kilometer of the municipal district. An increasing population provides more labor and brings environmental pressure. Upgrade of industrial structure is measured by the proportion of the added value of the secondary and tertiary industries in GDP. The optimization and upgrading of industrial structure mean the reduction of traditional production mode, and the development of modern manufacturing and service industry promotes the improvement of urban ecological efficiency. Science and technology, expressed by the proportion of science and technology expenditure in general government expenditure, represents the impact of science and technology on high-tech industrial agglomeration and urban ecological efficiency. The high-tech industrial agglomeration and other control variables selected in this paper are shown in Table 2.
TABLE 2 | High-tech industrial agglomeration and control variables.
[image: Table 2]The data samples of this study are 285 cities above the prefecture-level in China from 2004 to 2017, and the time-frequency of the data is set as annual. Unfortunately, the “three wastes” emissions in the China city statistical yearbook data are incomplete. In other words, the data of industrial wastewater discharge, industrial sulfur dioxide discharge, and industrial soot discharge published by the China Urban Statistical Yearbook in the past 2 years are missing significant data. In order to ensure the reliability of the research results, the sample data of the study is finally up 2017. The data are mainly from the “China Urban Statistical Yearbook” and EPS database. The fixed asset investment data in 2017 are from the annual statistical bulletin of each city, and some missing data are supplemented by the interpolation method.
Descriptive statistics were made for the main research variables according to the collected data, and the data characteristics of the variables were analyzed. The results were shown in Table 3.
TABLE 3 | Descriptive statistics of major variables.
[image: Table 3]As can be seen from Table 3, there is a great difference in the degree of change among the variables. Table 3 describes the basic characteristics of the data of 285 Cities in China from 2004 to 2017 and analyzes the variables through the mean value, standard deviation, minimum value, and maximum value of the data. According to the data of high-tech industry agglomeration, there is a large gap between the maximum value of 51.619 and the minimum value of 0.006, which indicates that there is a significant hierarchical drop in the level of high-tech industry agglomeration among regions. In terms of standard deviation, upgrading of industrial structure has the largest standard deviation, followed by high-tech industrial agglomeration and economic development level. The large standard deviation of the upgrading of the industrial structure indicates that there are great differences in economic development modes among cities. Due to the differences in labor and resource endowment between regions, high-tech industries are concentrated in major regions, resulting in uneven economic development among cities.
4.2 Results and Empirical Analysis
Considering the spatial correlation between high-tech industrial agglomeration and urban ecological efficiency, this paper uses the spatial simultaneous equation model to test and analyze. The VIF test values of variance inflation factors of all variables in this paper are below 5 and close to 1, indicating that there is no serious multicollinearity among explanatory variables. In order to solve the endogenous problem of high-tech industrial agglomeration and urban ecological efficiency variables, generalized three-stage spatial least squares (GS3SLS) were used to estimate. The estimated results of all urban samples are shown in Table 4.
TABLE 4 | Results of full sample estimation.
[image: Table 4]According to the empirical results in Table 4, based on the estimation results of the geospatial weight matrix, high-tech industrial agglomeration and urban ecological efficiency have a two-way promotion effect, which verifies Hypothesis 1. The impact coefficient of local city ecological efficiency on local high-tech industrial agglomeration is 19.0274, and the impact coefficient of local high-tech industrial agglomeration on local city ecological efficiency is 0.0525, both of which pass the significance level test of 1%. This finding is consistent with previous research suggesting that technological innovation has a positive impact on eco-efficiency (Wang D. et al., 2019). There is an interactive effect between high-tech industry agglomeration and urban ecological efficiency, that is, high-tech industry agglomeration can promote the improvement of urban ecological efficiency, and urban ecological efficiency can also promote high-tech industry agglomeration, and the marginal effect of urban ecological efficiency on high-tech industry agglomeration is greater. Industrial agglomeration has strong environmental externalities, and enterprises in the agglomeration area can reduce the cost of pollution reduction of large-scale enterprises by sharing clean technology spillover and professional pollution prevention facilities (Glaeser and Kahn, 2010). By promoting the upgrading and optimization of industrial structure, various regions can enhance industrial competitiveness, promote the development of high-tech industries and form certain agglomeration, so as to promote the development of urban ecological efficiency.
There is a significant spatial spillover effect of urban eco-efficiency, that is, the urban eco-efficiency in this region has a significant positive correlation with the urban eco-efficiency in neighboring regions, which verifies Hypothesis 2. The estimation results of spatial lag items show that the urban ecological efficiency of the neighboring region has a significant promotion effect on the urban ecological efficiency of the region, while the influence coefficient of the high-tech industrial agglomeration of the neighboring region is positive but not significant. The spatial spillover effects between high-tech industrial agglomeration and urban ecological efficiency are basically consistent with the conclusions of related studies (Su et al., 2021). The inter-regional urban ecological efficiency has a positive spillover effect, and the improvement of ecological efficiency plays a demonstration role among cities, so as to promote the development of urban ecological efficiency in local and neighboring regions. Because of the siphon effect, high-tech industrial agglomeration causes certain mobility of human resources, and the promotion effect between regions is not significant.
There is a significant difference in the regional interaction between high-tech industry agglomeration and urban eco-efficiency, that is, the impact of urban eco-efficiency in the neighboring region on high-tech industry agglomeration is significantly negative, while the impact of high-tech industry agglomeration in the neighboring region on local urban eco-efficiency is negative but not significant, which verifies Hypothesis 3. The spatial lag item of urban ecological efficiency is significantly negative to the estimation coefficient of high-tech industrial agglomeration, while the spatial lag item of high-tech industrial agglomeration is negative but not significant to the estimation coefficient of urban ecological efficiency. Some studies have found that there is a nonlinear relation between industrial agglomeration and environmental pollution, including inverted U shape (Yu et al., 2018; Chen et al., 2020). the increase of industrial agglomeration in neighboring areascauses pressure on local resources, and the rapid development of the industrial economy cannot give consideration to environmental protection, thus affecting the green development of the region. However, the improvement of adjacent ecological efficiency will cause downward pressure on the transfer of polluting industries, which is not conducive to the agglomeration and development of high-tech industries in this region.
Among the control variables, the impact of economic development level on urban ecological efficiency is significantly positive. The improvement of the economic development level means that the financing constraints of urban innovation subjects are less, making it easier to apply resources reasonably and effectively, thus increasing the stability of urban ecological efficiency. The research on coordinated development of economic growth and ecological efficiency is consistent with the conclusion of this paper (Wang et al., 2020b). The impact of economic development level on high-tech industry agglomeration is significantly negative, which may be due to the existence of unbalanced patterns such as resource mismatch, which weakens the impact of economic development level on high-tech industry agglomeration. Population density has a significant positive impact on urban ecological efficiency, but a significant negative impact on high-tech industry agglomeration. The impact of industrial structure upgrading and science and technology on urban ecological efficiency is significantly negative, but the impact on high-tech industrial agglomeration is significantly positive. On the one hand, innovation and R&D are conducive to the transfer of knowledge, and the growth of regional innovation human resources and innovation efficiency promotes the upgrading of industrial structure, which helps optimize the high-tech industrial ecosystem by absorbing richer resources to expand market potential and promote the agglomeration of high-tech industries. On the other hand, in the process of industrial upgrading, regional policies and resources are inclined to other key industries and the unreasonable input of factors affect the improvement of urban ecological efficiency.
The estimation results based on an economic-geospatial weight matrix show that high-tech industrial agglomeration and urban ecological efficiency are mutually reinforcing. The estimated result of a spatial lag item of high-tech industrial agglomeration shows that the influence coefficient of high-tech industrial agglomeration in this region is 0.6032, which is smaller than that of the geographical distance matrix, and the influence coefficient of urban ecological efficiency in this region is −0.0879, which is larger than the negative influence under geographical distance space weight matrix. The small economic gap between neighboring cities strengthens the competition effect and makes the exploitation of resources more brutal. The estimation results of the spatial lag item of urban eco-efficiency show that the influence coefficient of high-tech industrial agglomeration in this region is −3.9767, and the influence coefficient of urban eco-efficiency in this region is 0.5776. The absolute values of the estimated coefficients of both are smaller than the estimated results under the weight matrix of geographical distance space. Small economic gaps between neighboring cities promote spillover effects of innovative technologies. The reduction of industrial structure differences between regions weakens the inhibition effect of urban ecological efficiency in neighboring regions on high-tech industrial agglomeration to some extent.
5. FURTHER DISCUSSION ON HETEROGENEITY OF URBAN RESOURCES
5.1 Heterogeneity Analysis of Urban Resources
To further analyze the heterogeneity of spatial impact between high-tech industrial agglomeration and urban eco-efficiency, based on the difference of resource endowment between regions, the sample was divided into resource-based cities and non-resource-based cities. According to the list of national resource-based cities contained in “Notice of The State Council on Printing and Distributing the Sustainable Development Plan of National Resource-Based Cities (2013-2020),” 115 resource-based cities and 170 non-resource-based cities were identified. Tables 5, 6 show the estimation results of resource-based cities and non-resource-based cities under two different matrices, respectively.
TABLE 5 | Estimation results of cities by resource Endowment (geographical distance spatial weight matrix).
[image: Table 5]TABLE 6 | Estimation results of cities by resource Endowment (economic-geospatial weight matrix).
[image: Table 6]According to the empirical results in Tables 5, 6, the spillover effect of spatial interaction between high-tech industrial agglomeration and urban ecological efficiency is heterogeneous on regional resources, which verifies Hypothesis 4. Under the weight matrix of geographical distance space, the estimated coefficients of the impact of high-tech industrial agglomeration on urban ecological efficiency in resource-based cities and non-resource-based cities are 1.5876 and 0.0564 respectively, and the impact coefficients of urban ecological efficiency on high-tech industrial agglomeration are 0.6299 and 6.8250 respectively. Cities with higher resource endowments have richer resource allocation. Accordingly, the more developed urban innovation technology is, the greater the effective promotion effect on ecological efficiency is. The influence coefficient of high-tech industry agglomeration in neighboring areas is 0.6999 in resource-based cities and 0.7912 in non-resource-based cities, respectively. The spillover effect of high-tech industry agglomeration in resource-based cities is better, and resource-based cities have a better resource base, which is conducive to the expansion of industrial scale. In resource-based cities and non-resource-based cities, the influence coefficient of high-tech industry agglomeration in adjacent areas is -1.0864 and -0.0617 respectively, and the negative impact of high-tech industry agglomeration in adjacent areas of resource-based cities is greater. The impact coefficient of the urban eco-efficiency in neighboring areas on the regional urban eco-efficiency is 0.9045 in resource-based cities and 1.2090 in non-resource-based cities, respectively. The eco-efficiency in non-resource-based cities has a stronger spillover effect. In resource-based cities and non-resource-based cities, the influencing coefficient of eco-efficiency of adjacent areas on local high-tech industrial agglomeration is −0.576 and −7.954, respectively. Based on the study of resource-based cities and non-resource-based cities, the empirical results of spatial spillover effect and regional interaction between high-tech industrial agglomeration and urban ecological efficiency are significant. This indicates that among cities with small differences in resource endowments, high-tech industries are more likely to form agglomeration through technology and knowledge spillover, play the driving role in industrial agglomeration, and promote high-tech industrial agglomeration across regions. Eco-efficiency promotes the green development of the urban economy between regions through demonstration.
Under the economic-geospatial weight matrix, there is a significant spatial spillover effect between high-tech industrial agglomeration and urban ecological efficiency in resource-based cities, and the regional interaction between high-tech industrial agglomeration and urban ecological efficiency is significantly positive. The spatial spillover of high-tech industrial agglomeration in non-resource-based cities is significantly positive, while the regional interaction between high-tech industrial agglomeration and urban ecological efficiency is not significant. Under the small economic gap among cities, the interaction effect between resource-based cities is strong. Therefore, when developing high-tech industries, resource-based cities can not only form industrial agglomeration and play the cooperation effect of regional industrial agglomeration, but also improve urban ecological efficiency.
5.2 Robustness Test
In this paper, both the geographical distance space weight matrix and the economic-geographic space weight matrix are used for estimation. The estimation results under different spatial weight matrices show that the direction and significance of the estimated coefficients of each variable are basically the same, indicating that the estimation results are robust to a certain extent. In order to test the robustness of the estimation results, this paper selected the method of changing the number of samples and removed the sample data of 2004 and 2017 to re-estimate. The estimated results are shown in Table 7.
TABLE 7 | Robustness test.
[image: Table 7]According to the estimation results of the robustness test, the coefficient symbols of the estimation results of the core variables are consistent with those mentioned above, with only a small difference in significance level. It indicates that there is a stable spatial relationship between high-tech industrial agglomeration and urban ecological efficiency, which means that the regression results of this paper are robust.
6 CONCLUSION
Ecological efficiency is of great significance to the sustainable economic development of a country or region. By constructing a spatial simultaneous equation model and using the generalized three-stage spatial least squares estimation method, this paper examines the spatial spillovers and regional interactions of high-tech industrial agglomeration and urban ecological efficiency in 285 cities above the prefecture-level in China and analyzes their heterogeneity. The conclusions are as follows:
First, there is a two-way promoting effect between high-tech industrial agglomeration and urban ecological efficiency. High-tech industrial agglomeration and urban ecological efficiency promote each other. High-tech industrial agglomeration reduces emissions and environmental pollution through innovative technologies and promotes the improvement of urban ecological efficiency. Urban ecological efficiency promotes the formation of innovation-oriented high-tech industry agglomeration through incentives. Therefore, the development of high-tech industry promotes the improvement of ecological efficiency, which is of great significance to the development of circular economy and other long-term construction.
Second, there is a significant spatial spillover effect of urban eco-efficiency, that is, the urban eco-efficiency in this region has a significant positive correlation with the urban eco-efficiency in neighboring regions. The urban ecological efficiency of the neighboring region promotes the improvement of the urban ecological efficiency of the region through the spillover effect, and the improvement of the urban ecological efficiency of the neighboring region plays a demonstrative role, driving the regional ecological efficiency to follow. The high technology industry agglomeration forms a competition effect and there also exists a siphon effect, and the spillover effect between regions is not obvious.
Third, there is a significant difference in the interaction between high-tech industrial agglomeration and urban ecological efficiency, that is, the impact of urban ecological efficiency in neighboring areas on local high-tech industry agglomeration is significantly negative, while the impact of high-tech industry agglomeration in neighboring areas on local urban ecological efficiency is negative but not significant. The rapid development of economic industries such as high-tech industries ignores the synchronous improvement of ecological efficiency, while the construction of ecological efficiency accelerates the transfer of polluting industries, which is not conducive to the agglomeration of high-tech industries in the surrounding areas.
Fourth, the spatial spillover effects of high-tech industrial agglomeration and urban ecological efficiency are heterogeneous in terms of regional resources, and it is better to study the regional interaction and spatial spillover effect by sample analysis. The spatial spillover effect of high-tech industrial agglomeration in resource-based cities is stronger than that in non-resource-based cities, and resource-based cities have better resource allocation, which is conducive to the spillover of knowledge and technology. However, non-resource-based cities have more advantages in ecological efficiency. Comparatively speaking, non-resource-based cities have less resource consumption and environmental pollution.
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As the concept of carbon neutralization is valued, attention is paid to how environmental protection policies affect enterprises. However, little is known about how environmental policies affect enterprise energy utilization efficiency and green innovation. Based on Porter’s effectuation and deterrence theory, this paper proposes that an incentive environmental protection policy (environmental protection incentive) and punitive environmental protection policy (environmental protection regulation) have different impact mechanisms on enterprise green innovation and energy utilization efficiency. The following conclusions are drawn by using the data of listed enterprises since implementing the new environmental protection law in China and using the PSM-DID method to construct a quasi-natural experiment. 1) Environmental protection incentives are not conducive to improving energy utilization efficiency; 2) Environmental protection regulation can improve enterprise energy utilization efficiency; 3) Environmental protection incentives are not conducive to green innovation; 4) Environmental protection regulation is conducive to the green innovation of enterprises; 5) Green innovation plays a complete intermediary role in the relationship between environmental protection policies and enterprise energy utilization efficiency; 6) Different policies have heterogeneity on Enterprises: environmental protection incentives are conducive to the improvement of energy utilization efficiency of state-owned enterprises but not conducive to non-state-owned enterprises; The effect of environmental protection regulation on non-state-owned enterprises is more potent than that of state-owned enterprises. This study compares the impact of different environmental protection policies on enterprise green innovation and energy utilization efficiency and puts forward more effective and realistic targeted policy suggestions. This paper tries to understand the policy mechanism through comparison; The government has promoted green innovation and efficient and clean production by implementing policies for enterprises.
Keywords: green innovation, environmental subsidies, environmental regulation, enterprise energy efficiency, PSM-DID
INTRODUCTION
With the development of China’s economy, China’s environmental quality is challenged (Wang, 2018). The increasingly severe environmental pollution harms people’s lives and health and hinders the healthy development of the economy (Hao et al., 2017). Facing the environmental challenges in this emerging economy, the Chinese government has gradually increased its requirements for environmental protection and paid more attention to environmental treatment. The government began to guide enterprises to carry out cleaner production. For enterprises, high energy consumption and high pollution result from excessive utilization of existing resources and low production efficiency (Linde, 1995). Therefore, research on how the government promotes enterprises to improve energy efficiency through behavior is urgent.
As the most significant emerging economy at present, China’s government has issued many relevant policies on environmental protection. At present, China has formulated, promulgated, and implemented more than 20 environmental laws, more than 40 regulations, more than 500 standards, and more than 600 normative documents (Hsu, 2000). These policies can be structured into incentive policies and regulatory (punishment) policies when implemented in enterprises. It can put forward targeted regulations and requirements for environmental decisions of enterprises that do not comply with the requirements of environmental regulation and effectively control the pollution behavior of enterprises (Chen et al., 2018). The typical implementation mode of this policy in China is implementing China’s new environmental protection law in 2015. According to the law, China will impose fines, suspend business for rectification, deal with pollution (Li and Wu, 2017). The environmental protection incentive is that the government promotes enterprises to achieve energy-saving and emission reduction through environmental subsidies and enterprise-oriented environmental innovation projects (Ren et al., 2021). Typical policies for environmental protection incentives take the policies of Shenzhen, China in 2019 as an example: The operating procedures for the special fund support plan for green and low-carbon industry development of Shenzhen ecological environment bureau is to standardize the management of special funds for the development of strategic emerging industries (green and low-carbon) in Shenzhen, to ensure the safe, scientific and efficient use of special funds, organized and implemented the special fund support plan for the development of green and low-carbon industries.
These two types of policies have different economic effects on enterprise production and innovation. Scholars analyze environmental problems from the “externality” of innovation, the “transaction cost” of the innovation process, the “information asymmetry” of enterprises, and the “free-rider tendency” within enterprises and other diverse perspectives (Anderson, 1992). However, they ignore the dynamic role of government external behavior and enterprise internal innovation. Regarding the relationship between environmental protection and economic growth and enterprise benefits, it is generally accepted that there is an inverted U-shaped relationship (Katircioglu and Katircioglu, 2018). Generally, people believe that the adverse impact of environmental pollution on the economy mainly includes the following two categories: 1) The structural effect of the transfer of pollution-intensive industries from developed countries to developing countries; 2) Green technology innovation is conducive to the efficient use of energy (Yi et al., 2019).
Porter hypothesis analyzes the role of government environmental policy regulation on enterprise innovation (Porter and Linde, 1995). Porter hypothesis holds that the application of appropriate environmental regulation can promote enterprises to carry out more innovation activities, improve the productivity of enterprises, and finally offset the costs brought by environmental regulation. The discussion on the existence of Porter effectuation in the existing literature has not reached a unified conclusion in the academic research of developed countries. At the same time, it has not reached a unified conclusion in emerging economies such as China (Wei et al., 2021). The spillover effect of Porter hypothesis is also worth considering. In other words, in government behavior, in addition to the impact of environmental regulation on enterprise innovation, the impact of environmental protection incentives on enterprise innovation is also worth considering as the spillover effect of Porter effectuation. Unfortunately, there are few studies on the spillover effect of Porter effectuation from the perspective of government environmental protection subsidies.
In theory, many pieces of research suggest that green innovation is conducive to the efficient use of energy and the realization of cleaner production (Katircioglu and Katircioglu, 2018). However, this mechanism has not been proved in the market economy. There are various problems, mainly lies in: 1) When enterprises face the problems of environmental pollution and destruction, they often do not have an intuitive feeling about the consequences. Therefore, they lack to determine the direction and intensity of green innovation; 2) Green innovation has environmental externalities and innovation externalities, and its benefits may be less than investment. In the absence of environmental regulation and policy tools, enterprises often have no motivation for green innovation. 3) Green innovation is based on technology, ecology, and other disciplines. In the absence of policy encouragement and regulation, enterprises have a high risk of failure (Huang et al., 2018). Based on the above reasons, it is necessary to build a reasonable environmental policy system to guide enterprises to green innovation. Therefore, it is necessary to systematically study different environmental policy tools’ impact mechanisms and practical effects on enterprise green innovation to improve enterprise energy utilization efficiency. In this way, we provide feasible evidence for formulating and perfecting existing environmental policies.
The differences in environmental policies have different influential mechanisms on the impact of enterprise green innovation and energy utilization efficiency. The theoretical basis of environmental regulation, especially punitive environmental regulation, is mainly analyzed from deterrence theory. Incentive environmental policy has an explicit influence process. Specifically, environmental regulations deter enterprises and promote cleaner production or transformation. Realizing cleaner production improves energy utilization and enterprise production efficiency through technological innovation. This process presents a deterrent effect. The theoretical basis of the deterrent effect comes from the deterrent theory. In 1996, Harlan Ullman and James Wade Jr. believed that taking advantage of the asymmetric advantages of military forces such as information, technology, and vitality, taking sudden and rapid combat actions to carry out precision strikes against the enemy would produce a strong deterrent effect wholly and psychologically destroy the enemy’s will to resist (Schaub, 2004). Deterrence theory is widely used in military affairs, food safety, collusion between government and enterprises, anti-corruption, etc. It is also applicable to the implementation of environmental policies. When enterprises conduct polluting production behaviors that do not comply with the provisions of environmental regulations, the government will crack down on enterprises through legal weapons, and punish enterprises by public opinion and economical means such as case publicity and social publicity, resulting in the reduction of economic benefits of enterprises, thus forming a deterrent effect.
This paper mainly answers the following three questions: 1) Do different environmental policy tools (especially for two policy methods: incentive and regulation) have a heterogeneous impact on the improvement of enterprise energy utilization efficiency? 2) What is the impact of green innovation on enterprise energy utilization efficiency? Can this impact promote cleaner production in enterprises? 3) Does the impact of different environmental policy tools have significant differences for heterogeneous enterprises (especially enterprises with different ownership)? In order to answer these three questions reliably, this paper divides environmental protection policies into two types: Environmental protection incentive and regulation, which represent reward and punishment. This paper quantifies the green innovation ability and energy efficiency of enterprises. Based on the data of all listed companies in China from 2016 to 2021, a quasi-natural experiment was constructed through the PSM-DID model to test the impact of different environmental protection policy tools on enterprise energy efficiency. We also analyzes the intermediary effect of green innovation in this mechanism.
This paper mainly has the following theoretical and practical contributions by answering the above three questions. 1) From a theoretical point of view, this paper analyzes the economic impact of Porter effectuation in China and the spillover effect of Porter effectuation from the impact of environmental subsidies on enterprise innovation and energy utilization efficiency; At the same time, from the analysis of the economic effect of environmental protection punishment in China, this paper expands the application boundary of deterrence theory; 2) Considering the results, compared with the predecessors, this paper newly found the positive effect of environmental protection regulation on enterprise innovation and energy utilization efficiency and verified Porter effectuation; At the same time, this paper analyzes the negative effect of environmental protection incentives on enterprise innovation and energy utilization efficiency; The heterogeneity of enterprises in the above mechanism is further analyzed, and interesting results are obtained; 3) From the perspective of practical significance: This paper provides a reference for the more effective construction of an environmental policy tool system.
The significance of this paper is to provide a valuable literature basis and research ideas for the policy impact mechanism of cleaner production and green innovation of Chinese enterprises by answering the above three questions. At the same time, it provides a reference for more effective construction of an environmental policy tool system. The following contents are arranged as follows: Literature Review and Research Hypothesis reviews the literature review and puts forward the research hypothesis; Method and Empirical Model introduces the method of this paper; Data and Variable describes the experimental data; Empirical Result analyzes the empirical results; In Heterogeneity and Robustness Test, the heterogeneity analysis and robustness test of the results are carried out. Finally, the conclusion explains the research conclusions and puts forward targeted policy suggestions.
LITERATURE REVIEW AND RESEARCH HYPOTHESIS
Policy Background
Countries around the world have issued relevant policies on promoting green development. At present, the pressure of climate negotiations worldwide, such as the Kyoto agreement and the Paris Agreement, makes developing countries hope to promote national green development through a broader range of cleaner production in their territory (Fankhauser et al., 2013). As the world’s largest emerging economy, China has introduced a series of environmental protection policies in recent years to promote national development in the green direction (OECD, 2016). In 2015, China issued a new environmental protection law to restrict high-polluting enterprises in China to encourage cleaner production. In 2018, China hoped to enhance residents’ awareness of environmental protection by promoting the lifestyle of waste classification at the public level. At the level of national awareness, China’s political leaders frequently emphasize the importance of environmental protection in China and put forward China’s goals of “carbon peak” and “carbon neutralization” in 2020.
As far as China is concerned, the environmental policies that have been issued are mainly environmental incentive policies and environmental regulatory policies. This paper reviews the environmental protection regulation policies from the implementation of China’s New Environmental Protection Law in 2015. On April 24, 2014, the eighth session of the Standing Committee of the 12th National People’s Congress voted and adopted an Amendment to the Environmental Protection Law. The new law was implemented on 1 January 2015. So far, the “basic law” in China’s environmental field has been revised for the first time in 25 years. Its implementation scope includes various natural and artificially transformed natural factors affecting human survival and development in China. At the same time, local governments at all levels in China have the responsibility to exercise law enforcement power.
For enterprises, the “daily penalty” system is added in the New Environmental Protection Law, that is, daily and continuous fines for continuous environmental violations. This law means that the longer the violation lasts, the more fines will be imposed for illegal emission, excessive emission, and detection evasion. The fines for environmental violations stipulated in the previous law are fixed. The amount is not large, resulting in low illegal costs. Hence, many enterprises are lazy about pollution control. After implementing the “daily penalty” in the new law, the number of fines will not be capped, which will force illegal enterprises to correct their pollution behavior quickly. On 18 November 2018, the opinions of the CPC Central Committee and the State Council on establishing a more effective new mechanism for regional coordinated development further highlighted key regions, industries, and pollutants and effectively prevented ecological and environmental risks on the premise of adhering to the strictest system and the strictest rule of law to protect the ecological environment, strengthening environmental supervision in undertaking industrial transfer to prevent cross-regional pollution transfer. At the same time, local governments have issued relevant policies and measures to regulate environmental pollution. On 23 February 2022, the Beijing government announced Soliciting Opinions on the Measures for the Linkage Implementation of the Environmental Impact Assessment of Beijing Industrial Park Planning and Environmental Impact Assessment of Construction Projects (Trial) (Draft for comments). In industrial parks where the environmental quality meets the relevant assessment requirements of the state and the city and the environmental management system is relatively sound, the linkage reform of planned environmental assessment and project environmental assessment should be implemented.
This paper reviews the policies related to environmental incentives and environmental subsidies from the Eleventh Five-Year Plan (2016). During the Eleventh Five-Year Plan period (2006–2010), the importance of environmental protection has been increasing. The Eleventh Five-Year Plan takes energy conservation and environmental protection as the national development policy, aiming to save resources and the environment and encourage environmental innovation. In 2007, the Ministry of Finance issued the Interim Measures for the Administration of Special Funds for Emission Reduction of Major Pollutants of the Central Government, allowing Chinese provincial governments to formulate local environmental subsidy policies and establish a national fund for emission reduction of major pollutants. All provinces have issued related environmental subsidy policies. In 2010, China established a perfect national environmental subsidy system to encourage environmental innovation. The Twelfth Five-Year Plan period (2011–2015) is committed to strengthening these efforts. Local governments must gradually increase the budget of environmental subsidies in annual financial planning and improve capital investment and coverage of environmental subsidies. During the Twelfth Five-Year Plan period, the total investment in environmental protection exceeded 4.4 trillion yuan. According to the 2015 annual report of Chinese listed companies, 41.2% of Chinese listed manufacturing enterprises have received environmental subsidies. In some cases, these subsidies account for a large proportion of their total assets.
Regarding the economic mechanism of environmental protection incentives, China’s environmental subsidies are distributed in centralized management and local implementation. The provincial government encourages enterprises to apply for these environmental subsidies. It then forwards their applications to the central government (such as the Ministry of Ecological Environment and the Ministry of Finance) for evaluation. Finance is jointly managed by the Ministry of Finance and the Ministry of Ecological Environment. The former is responsible for budgeting and managing funds, and the latter is responsible for evaluating and supervising funded environmental innovation projects. Funded projects are generally expected to be completed within 12 months and subject to government inspection within 3 months after completion. These environmental subsidies encourage enterprises to achieve the goal of reducing environmental pollution through environmental innovation. In essence, they help enterprises economically compensate enterprises for their expenditure on pollution control (Ren et al., 2021). At the same time, this subsidy is considered an incentive for enterprises to innovate in environmental protection to some extent (Tor, 2000).
Green technology is the general name of various processes and products that promote the efficient utilization of resources and energy (Yi et al., 2019). The realization process of green technology is called the green innovation process. This innovative process combines ecological and environmental protection with economic development. The nature and practical utility of green innovation determine that green beds are a crucial way to fundamentally solve the problem of cleaner production and realize social benefits. At the same time, this technology is also a meaningful way to promote green development. Green technological innovation and practice is the way for technological innovation to adapt to the ecosystem, including the whole process of putting forward the concept of green technology R&D achievement transformation and practice (Song and Wang, 2018). The research and development of green technology and its application in production are conducive to improving the utilization efficiency of existing energy and promoting enterprises to achieve efficient production. In particular, if green technology is advanced, it can achieve synergy between green development and economic development and promote the joint development of enterprises and the environment.
As an essential part of the regional economy, enterprises are a driving force for green innovation. According to the production value chain theory, enterprises have accumulated many resources such as capital, human capital, and market advantages and have the strength to carry out green innovation. However, under the condition of the modern market economy, due to the risks and costs of green innovation, enterprises do not have the power to carry out green innovation (Huang et al., 2018). For the above reasons, the Chinese government has issued relevant policies in recent years to promote the green innovation of enterprises. As is stated above, the most common are mainly two categories: 1) Environmental protection incentive: in the form of environmental protection subsidies that encourage enterprises that tend to carry out green innovation or cleaner production; 2) Environmental protection regulation: enterprises are forced to carry out green innovation to realize cleaner production by setting pollution emission standards and carrying out regular inspections and punishment.
Theoretical Review and Analysis
Porter Hypothesis
Porter hypothesis analyzes the role of government environmental policy regulation on enterprise innovation (Porter and Linde, 1995). Porter hypothesis holds that the application of appropriate environmental regulation can promote enterprises to carry out more innovation activities, improve the productivity of enterprises, and finally offset the costs brought by environmental regulation. Existing studies generally believe that the impact of environmental regulation on enterprise innovation is different in different situations and countries (Ambec et al., 2013). Some scholars have verified Porter hypothesis and affirmed the existence of Porter effectuation. They believe that for enterprises, environmental regulation can restrain the pollution emission behavior of enterprises and promote enterprises to approach the innovative behavior of reducing pollution emissions through punitive measures (Fabrizi et al., 2018). From the perspective of the 2018 air refinery act, (Berman and Bui, 2001), Found that it can improve the production quality of oil refineries in the United States.
Similarly, from biofuels, it has been proved that the introduction of the environmental bill has improved the production efficiency of enterprises (Costantini et al., 2015). In emerging economies, Porter effectuation has also been confirmed in some studies. Environmental regulation has always been one of the guiding directions of green innovation in different regions of China to promote green growth (Wang et al., 2019).
Analogously, environmental regulation promotes the innovation behavior of enterprises (Hille and Möbius, 2019), and it also guides the innovation behavior of enterprises (Ma et al., 2019). Environmental regulation validates Porter’s hypothesis and validates the pollution paradise hypothesis (Ranocchia and Lambertini, 2021). This game process also promotes the realization of Porter hypothesis (Li et al., 2018).
However, other researchers reject the Porter hypothesis. The environmental protection innovation behavior of enterprises is contrary to the principle of enterprise production and operation: profit maximization (Palmer and Portney, 1995). The existing empirical results show that environmental regulation does not help improve the competitiveness of enterprises (Stoever and Weche, 2018). Empirical results in emerging economies also verify this statement. Wang et al. (Wang et al., 2017) found that environmental regulation undermines the development of the rare Earth market, which is harmful to the productivity improvement of the rare Earth enterprises.
Based on a systematic review of Porter hypothesis and the Porter effectuation, this paper attempts to analyze whether Porter effectuation still exists in the case of increasingly strict environmental regulation in China, an emerging economy. In addition, whether there is a spillover effect of Potter effect has not yet been verified for environmental incentives.
Deterrence Theory
The theoretical basis of the deterrent effect comes from the deterrent theory. In 1996, Harlan Ullman and James Wade Jr. believed that by taking advantage of the asymmetric advantages of military forces such as information, technology, and vitality, taking sudden and rapid combat actions to carry out precision strikes against the enemy would produce a strong deterrent effect wholly and psychologically destroy the enemy’s will to resist (Schaub, 2004). Research on the impact of deterrence has been applied in law, criminology, sociology, social psychology, and other disciplines. At the same time, deterrence theory has also been applied in economics in recent years (D’arcy and Herath, 2011). In many fields, the punishment for criminal acts is gradually increasing its deterrent to criminal acts (Becker, 1968). Similarly, under the influence of fines and arrest probability, the probability of crime is also decreasing (Hansen, 2013). In economics, the theory of deterrence is applied to corporate corruption (Abbink and Renner, 2002), fraud (Nagin, 2003), and government supervision of enterprises (Friesen, 2012).
This paper attempts to apply deterrence theory to the innovation behavior and production efficiency improvement process of enterprises under the deterrence of government environmental policies to expand the application scope of deterrence theory.
Literature Review and Hypothesis
Environmental Protection Incentive, Green Innovation and Enterprise Energy Utilization Efficiency
Technological progress has a far-reaching impact on the natural environment of economic activities. New technologies may increase or reduce pollution. This concern about technological progress is inherent in economic development (Jaffe, 1995). Therefore, in recent years, environmental economy and policy research has taken technological progress as an endogenous variable to analyze the relationship between environmental policy and economic growth (Chen et al., 2016). Some related concepts are derived from the above concepts, such as ecological innovation (Fussler and James, 1997; Sanni, 2017) and environmental innovation (Rennings et al., 2006). In the past 20 years, the dynamics characteristics types driving factors and their impact on the economy and society of green technology innovation have been fully analyzed (Rennings, 2000; Chen et al., 2006; Wurlod and Noailly, 2016; Arfi et al., 2018).
Since 1990, the World Energy Council (WEC) has proposed “energy efficiency” for the first time (Ya-Xi and Wang, 2016). Many countries have begun to attach importance to the energy efficiency management of enterprises and continue to look for ways to improve energy efficiency (Sun et al., 2019). With the continuous consumption of global energy resources, a consensus has been reached that enterprises can reduce energy consumption and pollutant emissions and promote the development of environmental protection in the world by improving energy utilization efficiency. In order to realize the comprehensive evaluation of energy efficiency authoritative institutions of various countries, it applies to the evaluation index system of enterprise energy efficiency (Besikci et al., 2016). In order to further study the energy efficiency level of enterprises, more and more scholars are taking enterprises as the research object for energy efficiency analysis. In order to provide theoretical support for enterprises to improve energy efficiency, scholars try to establish an evaluation index system (Wei et al., 2019). It is necessary to study the influencing factors of energy utilization efficiency from the micro-level of enterprises. In many evaluation systems, the role of enterprise innovation ability has been recognized. Unfortunately, few empirical studies on enterprise energy utilization efficiency lack analysis of enterprise environmental protection production mechanisms.
We clarify the importance of analyzing the influencing factors and interactions through the above review of green innovation and enterprise energy utilization efficiency. Next, we make assumptions about how environmental protection incentives and regulations affect them.
Agency theory shows that incentive measures are used for crucial agents at the top of the organization and impact all principals in each hierarchy of a given goal (Deutsch et al., 2011). However, the free-rider theory points out that incentives often cannot improve enterprise performance because employees can share the return of the improvement of joint output without paying more for themselves (Alchian and Demsetz, 1972). Therefore, incentive beneficiaries across different levels are more likely to achieve specific goals consistent with the whole organization (Welbourne and Gomez-Mejia, 1995). In reality, the government’s purpose of environmental protection incentives for enterprises is to promote cleaner production and more intensive green innovation (Li Y. et al., 2020). In emerging economies such as China, a more extraordinary situation is that politically related enterprises are more likely to receive environmental protection subsidies (Lin et al., 2015). In other words, the corruption that this political connection may lead to is suspected (Kyle, 2018). Therefore, the effect of government environmental protection incentives may be hindered. From the perspective of enterprise cost, green innovation can be divided into active and passive. For enterprises that get environmental protection incentives, if there is no mandatory requirement to promote enterprises to carry out green technology innovation, enterprises tend to prefer non-innovation due to the uncertainty of technological innovation (Chen H et al., 2016). It is generally agreed that the green innovation and energy utilization efficiency improvement of enterprise production requires the tremendous efforts of the company’s supply chain product design team and R&D personnel (Gulati et al., 2005). This effort from the top to the bottom of the enterprise R and D personnel is unwilling to invest because of increasing costs (Dahlmann et al., 2017). When there are no rigid constraints, enterprises do not improve their energy utilization efficiency after receiving environmental protection incentives.
Based on the above analysis, we propose hypothesis H1a - hypothesis H1d:
H1a: Environmental protection incentives cannot promote the improvement of enterprise energy utilization efficiency.
H1b: Environmental protection incentives cannot promote green innovation of enterprises.
H1c: Green innovation can positively promote the improvement of enterprise energy utilization efficiency.
H1d: Green innovation plays an intermediary role in the relationship between environmental protection incentives and enterprise energy utilization efficiency.
Environmental Protection Regulation, Green Innovation and Enterprise Energy Utilization Efficiency
Regarding environmental protection regulation policy, the most typical is “Porter Hypothesis” (Porter and Linde, 1995). It believes that appropriate environmental regulation will stimulate technological innovation and bring “innovation compensation” and competitive advantage. Scholars have conducted a large number of empirical tests on Porter hypothesis.
Firstly, the view that environmental protection regulation can promote enterprise innovation has been confirmed by scholars (Yang et al., 2012); However, this view is questioned by some empirical evidence. For example, through theoretical research, Ramanathan et al. show that strict environmental regulation does not significantly promote technological innovation of enterprises because the enterprise does not have enough power and efficiency to make up for the cost of environmental management, leading to the decline of enterprise profits (Ramanathan et al., 2010). At the same time, higher pollutant emission prices will reduce the innovation of enterprises in emission reduction technology, and the relationship between environmental protection regulation and enterprise innovation is nonlinear (Calel, 2011; Vollebergh and Werf, 2013).
In enterprises, the impact of environmental regulation on enterprise innovation is more reflected in the impact on green enterprise innovation. In order to refine our research object, we need to review the green innovation of enterprises. Green innovation is divided into developmental and exploratory green innovations (Sun and Sun, 2021). In terms of the economic effects of green technological innovation, green technological innovation has dual externalities of environmental externality and innovation externality (Rennings, 2000). At the same time, environmental regulation helps technological innovation and positively affects product innovation (Chan H et al., 2016). Existing studies believe that because the negative externality of green technology innovation is the characteristic of most environmental problems and the market incentive degree of green technology innovation is lower than that of other innovations, the government’s environmental protection regulation will be conducive to green innovation (Horbach, 2008). The innovation of green technology is conducive to improving enterprises’ environmental performance and reducing the energy consumption per unit output (Sun et al., 2021). Therefore, green technology innovation will be conducive to the improvement of enterprise energy utilization efficiency at the same time.
Based on the above analysis, this paper puts forward the hypothesis H2a–H2d:
H2a: Environmental protection regulations promote the improvement of enterprise energy utilization efficiency.
H2b: Environmental protection regulations promote green innovation of enterprises.
H2c: Green innovation can positively promote the improvement of enterprise energy utilization efficiency.
H2d: Green innovation plays an intermediary role in the relationship between environmental protection regulation and enterprise energy utilization efficiency.
METHOD AND EMPIRICAL MODEL
Method
In order to study the policy effects, most of the existing literatures use the DID model. DID model, especially dynamic DID model, has the advantage of grouping samples to evaluate the effect of policy. However, considering the following two reasons, directly comparing enterprises implementing environmental protection regulations or incentives and enterprises that have not implemented environmental protection regulations or incentives as “treatment group” and “control group” may lead to deviations in results.
(1) The non-randomness of environmental protection incentive and regulation cannot be ruled out. On the one hand, most of the enterprises encouraged by environmental protection are concentrated in the new energy and environmental protection industries; Most of the enterprises selected for environmental protection regulation are concentrated in industries with high pollution and high energy consumption. On the other hand, in China, the choice of listed companies encouraged by environmental protection is very accidental, which is related to the political background of senior executives in some cases.
(2) There are many influencing factors of environmental protection regulation and incentive, non-environmental protection regulation and incentive. These factors lead to the “treatment group” and the “control group” cannot meet the common trend hypothesis of DID model, and may also causes deviations in the empirical results.
Based on this, the paper refers to method of Löschel et al. using the PSM-DID model for estimation. This paper studies the green innovation and energy efficiency of enterprises from two aspects: Environmental protection incentive and regulation. Compare their different effects, so we carried out the same steps twice in the empirical process. The only difference is that we changed the variables and constructed different new samples, and the formulas and procedures are the same. Due to space limitations, this paper only shows the formula of environmental protection incentive in the method part, and all the results will be shown in the result part.
Firstly, we use the propensity score match (PSM) to find the “control group” similar with enterprises that receive environmental protection incentive subsidies to eliminate the selectivity of samples, so that the “treatment group” and the “control group” have a common trend. Then, the real policy effects of environmental protection incentive subsidies, including the effect on enterprises’ green innovation incentive and improvement of energy efficiency, are estimated with DID method, which can ensure the accuracy of empirical results to a large extent. The same method is adopted for the policy effects of environmental protection regulations. The matching process is as follows.
First, the propensity scores of the “treatment group” and the “control group” were estimated based on the Logit model. The aim is to facilitate the matching of subsequent tendency scores. As shown in Eq. 1:
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where, X = ([image: image], [image: image], [image: image],…, [image: image])′ is the control variable matrix, [image: image] is the i-th control variable vector. Referring to existing research, we choose firm size (Size), age (Ages), asset-liability ratio (Leverage), ownership structure (SOE), and ownership concentration (COCEN) as control variables. P(X) is the propensity score of the “treatment group” and the “control group” under the control variable matrix X.
Second, the “treatment group” and the “control group” are matched or resampled according to the matching method. The purpose is to calculate the distance or weight between the “treatment group” and the “control group” sample by the propensity score, and then find the counterfactual sample similar to the “treatment group” from the “control group”. This paper uses the nearest neighbor matching method by R studio. The specific process is shown in Eq. 2:
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where [image: image] and [image: image] are the propensity scores of the i-th “treatment group” and the propensity score of the j-th “control group”, respectively, and [image: image] is a predetermined tolerance for matching or a caliper. In this paper, according to Kau and Rubin (1985), one-quarter of the standard deviation of the propensity values of the sample estimates is used as the caliper size (namely [image: image] ≤0.25 [image: image], where [image: image] is the standard deviation of the propensity value of the sample estimate).
Third, a balanced test is performed on the matched samples. The aim is to ensure that there is no significant statistical difference in covariates between the “treatment group” and the “control group” after matching. Generally, it is examined by t-test analysis and “standardized bias” of each covariate, as shown in Eq. 3:
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where [image: image] and [image: image] are the sample variances of the “treatment group” and “control group” covariates x, respectively. It is generally required that this standardization gap does not exceed 10%, and if it is exceeded, the second or first step is repeated until there is no significant difference.
Finally, the matched samples are used for DID estimation. The purpose is to estimate the impact of environmental protection incentives and regulations on enterprises green innovation and energy efficiency, on the basis of eliminating the shortcomings of sample non-random selection.
Empirical Model
Based on the above research method, in order to test the research hypothesis H1 and hypothesis H4, the model (4) is set in this paper. This is because both environmental protection incentives and regulations are binary variables, and only the variables need to be replaced in the test. Limited by space, this paper puts them in the same formula to achieve the goal of more conciseness.
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Where the subscripts i, j, k, and t represent the firm, province, industry, and year, respectively. [image: image] is the green innovation matrix. Exi (Regu) is a 0–1 binary matrix, which represents innovation incentive (innovation regulation). When the sample is “treatment group”, it is assigned as 1, otherwise it is assigned as 0. [image: image] is the control variable matrix, including the control variables described above. Because the status of green innovation varies greatly between different regions and different industries, this paper also controls the individual effects of the industry, province and time, namely prov, u, v. Finally, 3 represents a disturbance term.
In order to verify hypothesis H2 and hypothesis H5, this paper establishes a model (5). It should be noted that the model (5) needs to be verified by two data sets constructed by the previous PSM method when verifying hypothesis H2 and hypothesis H5.
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In order to verify hypothesis H3 and hypothesis H6, this paper establishes a model (6) and a model (7) to analyze the intermediary role of green innovation.
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DATA AND VARIABLE
Data Source and Processing
This paper takes all the A-share listed firms in China as the initial sample from 2016 to 2020. All control variables and observation variables in this paper are from CSMAR database. And we deal with the raw data as follows.
(1) Sample selection: The main goal of this paper is the impact of environmental protection policies on enterprise environmental protection innovation, so as to improve enterprise energy efficiency. China’s new environmental protection law was implemented in 2015, which is one of China’s most important environmental protection policies. In recent years, China’s environmental regulation policy and environmental incentive policy are based on the new Environmental Protection Law. At the same time, due to the availability of data, we can only select the data up to 2020. Therefore, the sample selected in this paper starts from 2016 to 2020. At the same time, we excluded the samples of financial industry and non-physical industry.
(2) Missing value and outlier processing: The metrological analysis tool in this paper is R studio. Because the missing values in R studio are infectious (it means that if there are missing values in the sample, the final output results are all missing values), this paper will eliminate the samples with missing values. At the same time, in order to eliminate the influence of extreme values and outliers, Winsorize processing is performed on 1 and 99% percentile of continuous variables. The following data reports are based on the processed data results. In the end, a total of 991 listed firms were included, with a total of 59,482 observations.
Variable and Definition
Environmental Protection Regulation
Environmental protection regulation is to control the production behavior of enterprises through laws, policies and systems. The administrative organ authorized by environmental protection regulation is the main body of the authority (Spulber, 1989). The government’s action on the negative externality of enterprise pollution is called social environmental protection regulation. This behavior generally has departments exercising power in addition to the government. Environmental protection regulation is divided into two categories: formal regulation and informal regulation (Pargal et al., 1997).
With the development of environmental protection regulation their quantitative method has been gradually clarified. The existing quantitative methods are mainly analyzed from the perspective of regulatory means such as pollutant discharge permit period management (Bi et al., 2011) environmental tax (John and Labro, 2015) information disclosure etc. On this basis the types of environmental protection regulation are divided into administrative regulation market regulation and public participation regulation (Zhang et al., 2020). In this paper when quantifying environmental protection regulation referring to the research methods of (Ren et al., 2016) the public disclosure of environmental negative information is taken as the quantitative data of environmental protection regulation.
Combined with deterrence theory and the actual situation of China, we take the public disclosure of environmental negative information as the quantitative data of environmental protection regulation. This is because in China, the government will deal with relevant environmental cases of enterprises with negative environmental behavior, and will inspect such enterprises after 90 days to determine whether they have changed in accordance with environmental protection laws and regulations. The information on these environmental penalties is decided by Chinese courts at all levels. However, due to China’s attention to the environment in recent years, most environmental cases are supervised by superior supervision departments. Therefore, there are few cases of political rent-seeking and fraud. In other words, the data we obtained can truly reflect the implementation of environmental protection regulations. We believe that this kind of government punishment is a better quantification of enterprise environmental protection regulation. We assign a value of 1 to the enterprises that have environmental pollution related cases in the current year, otherwise it is assigned a value of 0.
Environmental Protection Incentive
Existing studies generally analyze the role of environmental protection subsidies on enterprise innovation (Xu et al., 2021). Referring to the existing methods if the government provides environmental protection incentives and subsidies to enterprises in the current year the value is 1; Otherwise, the value is 0. It should be noted that although the financial resources of these environmental protection subsidies are provided by the central government, their allocation methods are independently determined by various local governments. In terms of specific levels, they mainly include provincial and municipal levels. Therefore, we no longer divide the types of environmental incentives. For enterprises, we also divide the environmental protection incentive subsidies received by subsidiaries into parent companies, because for listed companies, consolidated statements are required for audit at the end of the year, and the environmental protection subsidies received will also be uniformly divided into the item of “government subsidies” in the financial statements of parent companies.
Green Innovation
Academic circles often use patent information to measure the innovation of enterprises. However, for the information of green innovation patent data, there is a more consistent quantitative method in recent years. Specifically, the green patents involved in this paper are mainly invention, utility model and design patents with green technologies as the invention theme, which are conducive to saving resources, improving energy efficiency and preventing and controlling pollution. Its variable type is numeric. In terms of the way to obtain green patents, we have sorted out the complete green patent database through CSMAR database and matched it with other data in the follow-up. At present, it is generally believed that the more green patents in the year, the stronger the green innovation ability of the enterprise. This paper adopts this view (Chang, 2011).
Enterprise Energy Utilization Efficiency
The existing research on the quantitative measurement of high energy consumption and energy utilization efficiency of traditional enterprises is relatively mature (Zhang et al., 2020). This paper will migrate this kind of method to most Chinese enterprises. Specifically this paper uses energy output efficiency as an alternative index of energy utilization efficiency. This index is quantified by the ratio of enterprise energy consumption value to industrial output. Since most listed enterprises in China replace their industrial output value with operating income value this paper changes the quantitative method of enterprise energy utilization efficiency to the ratio of enterprise energy consumption to enterprise operating income.
Control Variable
Many studies have shown that firm’s characteristics are also important variables affecting the enterprise behavior and enterprise decision. Based on this, we add five control variables, including firm size and its age, asset-liability ratio, ownership structure and ownership concentration. The firm size is expressed as the natural logarithm of the total asserts of the enterprise. The age (Ages) is expressed as the difference between and the year of establishment. The asset-liability ratio is expressed as total liabilities/total assets. SOE is expressed as a binary variable, if it contains state-owned shares, it is 1, otherwise it is 0. The degree of ownership concentration (COCEN) is expressed in the proportion of the first largest shareholder (%). The variable definitions are shown in Table 1 (Raw data for all tables has been placed in Supplementary Materials).
TABLE 1 | Variables and definition.
[image: Table 1]Descriptive Statistics
Variable Descriptive Statistics
Based on the above variables, we will focus on the descriptive statistical information of variables such as environmental protection regulation, environmental protection incentive, green innovation and enterprise energy utilization efficiency. As can be seen from Table 2, the mean of green patents of 991 listed firms in China in 2016–2020 was 38.59; The average energy utilization efficiency of enterprises is 13.69, which shows that Chinese enterprises have paid attention to green innovation and efficient energy utilization in recent years. The average value of environmental protection incentive is 0.23, indicating that about one quarter of enterprises in China can obtain environmental protection incentive; The average value of environmental protection regulation is 0.55, indicating that more than half of China’s listed companies are constrained by environmental protection regulation.
TABLE 2 | Descriptive statistics.
[image: Table 2]Descriptive Statistics of Policy Coverage by Industry
The coverage of environmental protection incentives and regulations in various industries is shown in the table below. Specifically, we divide the enterprises in each industry that receive the government’s environmental protection incentive from the total enterprises in the industry, and obtain the results shown in the (Supplementary Table S1 Appendix). Policy Coverage Status. Among them, the industry is subject to the division of CSMAR database.
EMPIRICAL RESULT
Propensity Score Matching
Based on the PSM-DID method described in the third part, this paper uses the nearest neighbor matching method in the MatchIt package in Rstudio to match the samples of “treatment group” and “control group” 1:1, and makes an empirical analysis on the obtained samples and the original data. Our purpose is to compare the reliability of data based on the analysis of realistic mechanism.
Tables 3, 4 show the estimation results of Logit model for environmental protection incentive and regulation respectively. As can be seen from Table 3, all variables are significant at the significance level of 0.005%. This result shows that there is a significant non-randomness in the choice of enterprises with environmental protection incentives in China. It should be noted that the coefficient of company size is significantly negative. This is because China has more policy support for small enterprises in the process of subsidies for environmental protection enterprises. For example, China’s financial institutions have special loan types for small enterprises; China opened a new stock exchange in 2021 to support China’s small scientific and technological innovation enterprises.
TABLE 3 | PSM logit regression results about excitation.
[image: Table 3]TABLE 4 | PSM Logit regression results about regulation.
[image: Table 4]As can be seen from Table 4, some variables are not significant. This conclusion shows that China’s choice of enterprises for environmental protection regulation is not completely random. On the contrary, China’s environmental protection regulation requirements for enterprises apply to all industries. In reality, although environmental protection laws and treaties apply to all Chinese enterprises, enterprises with high pollution and high energy consumption are more regulated. It should be noted that the growth of enterprise age often leads to the expansion of enterprise scale. At this time, enterprises are not only easy to obtain environmental protection subsidies, but also vulnerable to environmental protection supervision due to their great popularity.
In order to verify the reliability of the matching results, this paper conducts a balance hypothesis test on the control variables of the matched samples in the way described above. Table 5 shows the balance test results of control variables of matching samples of environmental protection incentives. It showed that the average difference of all control variables was significant at the level of 5% before propensity score matching. However, after the matching operation, the average difference of all variables between the “control group” and the “treatment group” is no longer significant. Table 6 also reflects that the average difference of control variables in the matched samples of environmental protection regulation is no longer significant. This shows that the matched samples have passed the reliability test, thus ensuring the reliability of subsequent empirical results.
TABLE 5 | PSM balance test about excitation.
[image: Table 5]TABLE 6 | PSM balance test about regulation.
[image: Table 6]Effect of Environmental Protection Incentive on Green Innovation and Enterprise Energy Utilization Efficiency
Firstly, we regress the effect of environmental protection incentives on enterprise energy utilization efficiency, and analyze the intermediary effect of green innovation. The results are shown in Table 7. Where, (1a)–(1d) are the regression results of sample DID before matching, and (2a)–(2d) are the regression results of PSM-DID after matching. It should be noted that in order to eliminate the autocorrelation and heteroscedasticity of sample time series, we use FGLS method for regression analysis in order to ensure that the results are more robust.
TABLE 7 | Environmental excitation induced effect regression results.
[image: Table 7]Compared with the regression results of DID and PSM-DID, the impact of environmental protection incentives on enterprise energy utilization efficiency and green innovation is different, but the impact direction and significance are the same. This result preliminarily shows that our analysis is robust. From the regression coefficient (1a) between environmental protection incentives and enterprise energy utilization efficiency, the regression coefficient of PSM-DID is greater than that of DID. From the regression coefficient (1c) of environmental protection incentive and green innovation, the regression coefficient of PSM-DID is greater than that of DID. The regression coefficients of other control variables and other regression relationships are also greater than those of the original DID, indicating that the effect of the overall variables is greater. It can be seen that the empirical results obtained by PSM-DID regression method are more robust. Therefore, in the following analysis, we use the results of PSM-DID to explain the mechanism.
In (2a), environmental protection incentives have a negative impact on enterprise energy utilization efficiency. This result is incompatible with common sense. The Chinese government hopes to promote enterprise energy utilization efficiency through environmental protection incentives such as environmental protection subsidies. However, contrary to our wishes, through our data, we find that the government’s environmental protection incentives cannot promote enterprises to improve energy utilization efficiency. The reason comes from two aspects. On the one hand, the quantitative way of environmental protection incentive selected in this paper is the quantitative way of government environmental protection subsidy. It is different from the existing way of quantifying environmental protection incentives by environmental protection investment (Vanickova, 2020). The new quantitative method brings a new research perspective. At the same time, we also use data to give new results. On the other hand, the existing research on environmental protection incentives mostly focuses on tax relief for high polluting enterprises (Zhang et al., 2020). This paper expands the scope of enterprises to all listed enterprises, and obtains different research from the previous research. In China, for the purpose of reducing costs and increasing profits, high polluting enterprises are more likely to obtain government tax relief by improving their energy utilization efficiency. However, for most enterprises in non-high pollution industries, their energy utilization efficiency is not low (Zhang et al., 2020). This makes enterprises have insufficient motivation to improve their energy utilization efficiency through technological innovation and production process improvement, so as to exchange for government environmental protection subsidies.
In (2b) environmental protection incentives have a negative impact on enterprises’ green innovation. For this result we explain it from two aspects: theoretical reason and practical reason. In terms of theory existing studies generally believe that if the government does not distinguish between environmental protection subsidies and subsidies in a general sense for enterprises it often does not have practical and effective effects (Li X et al., 2020). Due to the consensus in the economics of sustainable development if the government does not distinguish the incentive mode of direct environmental protection subsidies for enterprises it often will not bring the improvement of innovation benefits of enterprises (Chen et al., 2019). Many studies have also demonstrated this view from the perspective of data: government subsidies have a threshold effect on enterprises’ green innovation and cannot completely promote it (Liu et al., 2020). In reality there is a special phenomenon in China: some enterprises out of their own interests defraud government subsidies through false publicity but do not actually invest the amount of subsidies in green innovation (Chen and Li, 2021). Due to the existence of this type of enterprises the government’s environmental protection incentive has lost its role to a great extent and has become a means for some enterprises to make illegal profits.
In (2c) and (2d), green innovation has a positive impact on the enterprise energy utilization efficiency, and green innovation plays a complete intermediary role. Green innovation has a positive impact on the improvement of enterprise energy utilization efficiency, which has been confirmed. Existing studies have studied Chinese industrial enterprises and generally found that green innovation has a positive impact on the improvement of enterprise energy utilization efficiency (Miao et al., 2020). This is because green innovation mostly focuses on improving the production efficiency of enterprises and improving the existing production processes of enterprises. The improvement of the above steps can significantly reduce energy consumption and improve the output of the enterprise, so as to bring positive external benefits to the enterprise. Based on the process of (2a)–(2d), we can find that the government’s environmental protection incentive cannot bring about the green innovation of enterprises, nor can it improve enterprise energy utilization efficiency; However, the green innovation of enterprises can improve enterprise energy utilization efficiency. In the impact mechanism of environmental protection incentive-green innovation-energy utilization efficiency, green innovation plays a complete intermediary role, which can explain part of the impact mechanism of environmental protection incentive-energy utilization efficiency.
Effect of Environmental Protection Regulation on Green Innovation and Enterprise Energy Utilization Efficiency
We regress the effect of environmental protection regulation on enterprise energy utilization efficiency, and analyze the intermediary effect of green innovation. The results are shown in Table 8. Where, (3a)–(3d) are the regression results of sample did before matching, and (4a)–(4d) are the regression results of PSM-DID after matching. It should be noted that in order to eliminate the autocorrelation and heteroscedasticity of sample time series, we used the same FGLS method as 5.2 for regression analysis.
TABLE 8 | Environmental regulation induced effect regression results.
[image: Table 8]In the above regression results, environmental protection regulation has a significant positive impact on enterprise energy utilization efficiency. This shows that government environmental protection regulation can effectively promote enterprises to improve their energy utilization efficiency. This is because the Chinese government has attached great importance to environmental protection in recent years and limited the energy consumption of enterprises. For the purpose of profit, enterprises must obtain higher income under the condition of limited resources, which promotes enterprises to improve energy utilization efficiency. This impact mechanism has been confirmed in previous studies on the EU, and this paper confirms it for the first time for the Chinese environment (Garrone et al., 2017).
In addition, it should be noted that environmental protection regulation can positively promote green innovation, and green innovation plays a complete intermediary role in the impact of environmental protection regulation and enterprise energy utilization efficiency. The mechanism between environmental protection regulation and green innovation is that the government regulates the production of enterprises through administrative means such as law and management. Due to the demands of their own development, enterprises choose to meet the requirements of the government through green innovation and improve production efficiency (Li et al., 2018). At the same time, when enterprises are constrained by environmental protection regulations, the original technology is not enough to help enterprises offset the costs brought by environmental supervision and environmental punishment. Therefore, enterprises have to turn to green innovation to reduce production costs.
Interestingly, we compare the two government actions of environmental protection incentive and regulation, and find such a fact: for enterprises, the role of environmental protection incentive in promoting green production is not as good as that of environmental protection regulation. Previous literature has not compared the two mechanisms. This paper holds that when facing environmental protection regulation, enterprises face tough and unavoidable administrative laws, which will require enterprises to make production innovation in line with environmental protection requirements, so as to improve enterprise energy utilization efficiency. Environmental protection incentive is a soft incentive behavior, which hopes that enterprises can achieve cleaner production and green innovation. But in fact, the purpose of the enterprise is to obtain the maximum profit at the minimum cost. Because green innovation requires enterprises to increase R and D investment; The improvement of enterprise energy utilization efficiency also requires enterprises to pay the cost of improving production processes and processes (Li et al., 2018). For the above two reasons, environmental protection regulation and environmental protection incentive have produced two distinct effects.
HETEROGENEITY AND ROBUSTNESS TEST
Heterogeneity Test
The above empirical results show that the difference of enterprise ownership will have an impact on the above mechanism. Therefore, this paper divides the total sample into state-owned joint-stock companies and non-state-owned joint-stock companies by including whether the company’s equity includes state-owned shares or not.
Table 9 shows the effect of environmental protection incentive mechanism of different companies. Interestingly, state-owned enterprises and non-state-owned enterprises have completely different mechanisms. For state-owned enterprises, environmental protection incentives can promote green innovation, and then promote the improvement of energy utilization efficiency. However, for non-state-owned enterprises, environmental protection incentives inhibit the green innovation of enterprises and the improvement of energy utilization efficiency. In China, state-owned enterprises not only have profit objectives, but also have certain political tasks. According to the signal transmission theory, the government’s environmental protection incentive represents the goal of society and government for environmental protection and cleaner production. State owned enterprises respond to this goal out of their higher sense of social responsibility (Zhu et al., 2016). However, because non-state-owned enterprises are more benefit oriented, it is more rational for enterprises to ignore all the choices that increase enterprise costs. Therefore, the government’s environmental protection incentive has the opposite effect on state-owned enterprises and non-state-owned enterprises.
TABLE 9 | Heterogeneity test about excitation.
[image: Table 9]Table 10 shows the effect of environmental protection regulation mechanism of different companies. Environmental protection regulation can promote the green innovation and energy utilization efficiency of state-owned enterprises and non-state-owned enterprises. However, it plays a smaller role in promoting state-owned enterprises. On the contrary, the promotion coefficient for non-state-owned enterprises is large. This shows that compared with state-owned enterprises, environmental protection regulation plays a stronger role in promoting green innovation and energy utilization efficiency of non-state-owned enterprises.
TABLE 10 | Heterogeneity test about regulation.
[image: Table 10]Robustness Test
OLS Robust Standard Error Estimation
In order to eliminate the influence caused by individual differences, based on the samples obtained by the above PSM method, OLS robust standard error is used for reanalysis. We reanalyze the effects of environmental protection incentives and environmental protection regulations, and the results are shown in Tables 11, 12. Compared with the results obtained by the above FGLS method, the significance of OLS estimation results has not changed. The coefficient of each variable changes, but the coefficient symbol does not change. This shows that the estimation method has limited results on the empirical results.
TABLE 11 | OLS robust standard error regression results about excitation.
[image: Table 11]TABLE 12 | OLS robust standard error regression results about regulation.
[image: Table 12]Quantitative Estimation of Changing Variables
This paper changes the quantitative method of enterprise scale variable from total assets to operating income. The regression is carried out again in the way of FGLS, and the results are shown in Tables 13, 14. The results are still robust.
TABLE 13 | OLS robust standard error regression results about excitation by changing the size with Enterprise income.
[image: Table 13]TABLE 14 | OLS robust standard error regression results about regulation by changing the size with Enterprise income.
[image: Table 14]DISCUSSION AND CONCLUSION
Based on existing research on the different effects of environmental protection incentives and environmental protection regulations on enterprises, this paper compares and analyzes the effects of environmental protection incentives and environmental protection regulations on enterprise energy utilization efficiency and analyzes the intermediary role of green innovation. This paper puts forward assumptions and quantifies the variables involved based on theoretical analysis. Finally, the panel data of Chinese A-share listed companies from 2016 to 2021 and the PSM-DID model are used to test and compare the research hypotheses. We get the following main conclusions.
Environmental protection incentives harm green innovation and enterprise energy utilization efficiency; Green innovation positively impacts enterprise energy utilization efficiency; Green innovation plays a complete intermediary role in the relationship between environmental protection incentives and enterprise energy utilization efficiency. This conclusion shows that environmental protection incentives cannot improve the green innovation of enterprises as expected by the government, the provider of environmental protection incentives, to improve enterprise energy utilization efficiency. Analyzing the reasons, the goal of the enterprise is to make profits. Enterprises carry out green innovation; Improving processes to improve energy utilization efficiency requires enterprises to pay additional costs. The government’s extensive environmental protection subsidies have a poor incentive effect on enterprises and cannot stimulate the motivation of enterprises to innovate. This shows that China’s environmental protection subsidies have not received the expected effect. The reasons are mainly from two aspects. On the one hand, some enterprises have “defrauded subsidies”. However, they did not invest the subsidies in innovation. On the other hand, considering the risk of technological innovation, enterprises choose more stable existing production methods than innovating because of the government’s environmental protection subsidies.
Environmental protection regulation has a positive impact on green innovation and enterprise energy utilization efficiency; Green innovation has a positive impact on enterprise energy utilization efficiency; Green innovation plays a complete intermediary role in the relationship between environmental protection regulation and enterprise energy utilization efficiency. This conclusion shows that environmental protection regulations can promote the development of enterprises to a more environmentally friendly mode of production with public power, such as government laws and regulations. Through comparison, we answer this fundamental question: How can we effectively promote the improvement of enterprises to efficient and environmentally friendly production methods? The reason is that, under the constraints of environmental protection regulations, the original technology cannot meet cleaner production requirements. In order to mitigate the impact of “regulatory costs” on enterprise benefits, enterprises will carry out green innovation to produce efficiently and improve production efficiency (Hu et al., 2017). This conclusion shows that the current process of realizing carbon neutralization and promoting the transformation of Chinese enterprises (especially for high polluting enterprises) to cleaner production requires the government to formulate perfect environmental protection regulations. This approach will increase R&D costs and reduce enterprises’ earning earnings surplus in the short term, promoting the energy utilization of enterprises and realizing China’s industrial upgrading in the long term.
Interestingly, the difference in enterprise ownership will significantly impact environmental protection incentives, green innovation, and enterprise energy utilization efficiency. Environmental protection incentives can significantly promote the green innovation and energy utilization efficiency of state-owned enterprises; However, environmental protection incentives can significantly inhibit the green innovation and energy utilization efficiency of non-state-owned enterprises. This shows that the environmental protection incentive policy can promote the cleaner production of state-owned enterprises. This phenomenon is related to the higher social responsibility consciousness of state-owned enterprises and the more responsive measures of state-owned enterprises to the government (Zhu et al., 2016). On the contrary, whether state-owned enterprises or non-state-owned enterprises, environmental protection regulation can promote green innovation and enterprise energy utilization efficiency. However, it plays a more decisive role in promoting non-state-owned enterprises. As the consequences of non-compliance with environmental regulations are punitive measures, it will damage the business performance of enterprises. However, because managers do not bear the pressure on the operating performance of state-owned enterprises, the role of environmental protection regulation is weak (Dai et al., 2017).
Based on the above conclusions, this paper puts forward the following suggestions on how the government can adopt more progressive policies to promote cleaner production and achieve carbon neutrality:
(1) Formulate comprehensive environmental protection regulations for enterprise production, and conduct regular and irregular environmental protection inspections for enterprises to ensure that the production emissions of enterprises meet the standards.
(2) Fine inspection and management of different types of enterprises. For enterprises with heavy pollution and high energy consumption, lend clean technology upgrading funds based on supervision to achieve the effect of the combination policy of environmental protection incentive and environmental protection regulation.
(3) Pay attention to guidance for state-owned enterprises and mainly adopt the way of environmental protection incentives to promote green innovation and cleaner production. Non-state-owned enterprises pay attention to supervision and mainly adopt the way of environmental protection regulation to force enterprises to carry out green innovation and cleaner production.
At the same time, we put forward the following policy suggestions on how to adapt to government policies and carry out better innovation management:
(1) Carry out production and operation management in strict accordance with the requirements of environmental protection laws and regulations. In China, the illegal cost is high due to the government’s efforts to control environmental pollution and related enterprises. Therefore, compared with violating relevant environmental protection regulations, the more rational behavior is to invest this part of the opportunity cost into the green innovation process.
(2) Properly strive for environmental protection incentives to reduce enterprise costs. Due to China’s relatively loose regulatory conditions for environmental protection incentives, obtaining environmental protection subsidies can increase corporate reputation at the social level and reduce corporate costs in the process of operation.
This article may have the following limitations. Due to the availability of data, this paper only studies listed enterprises. Nevertheless, the data of this sample is fully reliable and persuasive. However, the lack of non-listed enterprises may lead to some deviation in sample selection. In the future, we will consider cooperating with the government to obtain the data of unlisted enterprises for research.
In future research, the detailed analysis of enterprise business performance and social reputation in implementing enterprise environmental protection incentives could become the further direction of this paper.
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This study analyzed the spatiotemporal differences and driving factors of carbon emission in China’s prefecture-level cities for the period 2003–2019. In doing so, we investigated the spatiotemporal differences of carbon emission using spatial correlation analysis, standard deviation ellipse, and Dagum Gini coefficient and identified the main drivers using the geographical detector model. The results demonstrated that 1) on the whole, carbon emission between 2003 and 2019 was still high, with an average of 100.97 Mt. Temporally, carbon emission in national China increased by 12% and the western region enjoyed the fastest growth rate (15.50%), followed by the central (14.20%) and eastern region (12.17%), while the northeastern region was the slowest (11.10%). Spatially, the carbon emission was characterized by a spatial distribution of “higher in the east and lower in the midwest,” spreading along the “northeast–southwest” direction. 2) The carbon emission portrayed a strong positive spatial correlation with an imbalance polarization trend of “east-hot and west-cold”. 3) The overall differences of carbon emission appeared in a slow downward trend during the study period, and the interregional difference was the largest contributor. 4) Transportation infrastructure, economic development level, informatization level, population density, and trade openness were the dominant determinants affecting carbon emission, while the impacts significantly varied by region. In addition, interactions between any two factors exerted greater influence on carbon emission than any one alone. The findings from this study provide novel insights into the spatiotemporal differences of carbon emission in urban China, revealing the potential driving factors, and thus differentiated and targeted policies should be formulated to curb climate change.
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1 INTRODUCTION
Increased carbon emission is widely recognized as the primary cause responsible for global warming, greenhouse effects, and has led to extreme climate phenomena, such as glaciers melting, sea-level rising, storm surges, and floods, which represents a serious hazard to human health as well as economic development (Liu et al., 2019a; Wang and Jiang, 2019; Wei et al., 2019). Consequently, carbon emission reduction is not only of great necessity for human existence but also for the realization of green sustainable progress in an economic society. The Paris Climate Agreement in 2016 has announced the global mean temperature control goal of 1.5/2°C (Yang et al., 2022a). In light of that, more nations have pledged to curb carbon emission and established a raft of effective emission mitigation strategies to fulfill this challenging responsibility (Karmellos et al., 2021). As the world’s largest developing country and carbon emitter, China has also actively participated in global carbon governance and promised to peak the carbon emission by 2030 and then become carbon neutral by 2060 (hereinafter named as “30.60” targets) at the 75th session of the United Nations General Assembly in 2020 (Gao et al., 2021; Zhang et al., 2022). However, it should be noted that following the continuously growing economy, the carbon emission in China, as contrary to the “30.60” targets, has rather increased (Zhou et al., 2019b; Wang et al., 2021). In addition, carbon emission varies remarkably across regions in China due to the significant differences in resource endowments, levels of economic development, and scientific and technological innovation (Liu et al., 2019c; Shen et al., 2021). Hence, investigating the spatiotemporal differences regionally and identifying the potential driving factors of carbon emission systematically in China are the major concerns of policymakers.
In the literature, a considerable number of studies have been concentrated on the measuring methods, spatiotemporal evolution, influencing factors, and mitigation strategies of carbon emission in China. For the measurements, the structural decomposition approach (SDA) and logarithmic mean Divisia index (LMDI) decomposition methods were the most frequently used worldwide (Huang et al., 2022; Ma et al., 2019). Studies on spatiotemporal characteristics have found that the carbon emission in China would continue to grow for a long time (Wang et al., 2021) and showed significant spatial correlations (Du et al., 2022; Zhao et al., 2020). In addition, some models have been employed to explore the time- and space-changing features of carbon emission, such as spatial correlation analysis (Wang and Zheng, 2021), exploratory spatial data analysis (Han et al., 2021; Zhang et al., 2021), spatial econometric model (Li and Li, 2020), and geographically weighted regression model (Xu and Lin, 2021; Yang et al., 2021). Regarding the driving factors, various natural and human factors of carbon emission have been researched systematically in the literature. Among the natural factors, the climatic condition was universally recognized as one of the most decisive factors affecting carbon emission (Xu et al., 2021). In addition, human factors including the economic development level (Cai et al., 2021; Dong et al., 2020), energy consumption structure (Xu and Lin, 2019; Yang et al., 2022b), urbanization and industry structure (Ali et al., 2019; Dong et al., 2019b), technology (Chen et al., 2020; Sun et al., 2021), transportation (Song et al., 2019), and trade openness (Pu et al., 2020) have also been identified to influence carbon emission, but their influences differed in diverse regions (Liu et al., 2021). These aforementioned findings corroborated the views of Huang and Matsumoto (2021), in which the authors found that the impacts of urbanization on carbon emission were significantly different between regions. In terms of the emission mitigation strategies, existing studies have mainly reached agreements upon transforming the economic development mode, optimizing industrial and energy structure, improving technology innovation capacity, and so on (Chuai and Feng, 2019; Wang et al., 2019; Wu et al., 2021). In summary, the aforementioned studies on carbon emission have given us much enlightenment. However, the existing literature was mainly conducted from the perspectives of countries, provinces, and industries, but studies, further exploring urban carbon emission, were still scarce. It has been reported that the energy consumption of major cities around the world shared 75% of world’s total and more than 80% of global carbon emissions came from urban areas. In the case of China, people living in urban areas have reached over 902 million, comprising approximately 64% of the total population of China in 2020 (CSY, 2021). With cities as the biggest sources of carbon emission, urban carbon emission reduction should be set as the key issue for attaining China’s “30.60” targets of reaching its peak by 2030 and turning carbon-neutral by 2060 (Dong et al., 2019a).
Although there have been an increasing number of research studies centering on carbon emission over Chinese cities, most of them have been conducted at the single city level (Shen et al., 2018; Wei et al., 2020) or typical urban areas (Liu et al., 2019b; Salvia et al., 2021); the studies on the urban carbon emission with a national coverage still remain insufficient. In addition, prior studies have demonstrated that the distribution of carbon emission was uneven in different regions but failed to reveal the sources of regional differences. Fortunately, the Gini coefficient improved by Dagum is capable of distinguishing the key contributor of the total difference, thus targeted policies can be formulated to alleviate carbon emission. Moreover, to date, studies usually focused on the separate effect of driving factors of carbon emission, and the interactive influences between these drivers tend to be neglected. In fact, the causes of carbon emission are associated, and the interaction between factors can indirectly affect carbon emission (Xu et al., 2021). The geographical detector model proposed by Wang et al. (2010) sheds light on the spatial relationships and interactive effects of variables, which is conducive to investigating important factors more comprehensively. To summarize, it is of great necessity to make an in-depth analysis of carbon emission with the aspect of city.
Compared with the existing literature combed previously, this study contributes to several aspects. 1). This study took 284 Chinese prefecture-level cities as the research unit and then investigated the spatiotemporal differences and driving factors of urban carbon emissions in China based on a series of diversified empirical frameworks. 2) ArcGIS techniques of Moran’s I, cold and hot spots analysis, and standard deviation ellipse were adopted to intuitively portray the spatiotemporal evolution characteristics of urban carbon emission in China. 3) The Dagum Gini coefficient and its decomposition were further employed to reveal the leading sources of regional differences in carbon emission. 4) Using the geographical detector model to explore the main drivers of national and regional carbon emission, as well as their interactive effects, provided a basis for emission mitigation measures in cities with different regions.
The remainder of this article is organized as follows. Section 2 introduces the related methodologies and describes the data sources. Section 3 discusses the spatiotemporal differences and driving factors of carbon emission from national and regional perspectives. Section 4 summarizes this study and puts forward policy implementations.
2 METHODOLOGY AND DATA
2.1 Methodology
2.1.1 Global Spatial Correlation Analysis
Global Moran’s I is a commonly used statistics for testing spatial correlation (Moran, 1950). The formula can be set as follows:
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where yi and yj are the carbon emission of city i and j, respectively, n is the number of cities (284 in this study), S2 refers to the variance, [image: image] represents the annual mean carbon emission, and Wij is the spatial weight matrix using the nested weight matrix of spatial geography and economy. [image: image]. If I > 0, it indicates positive spatial correlation; if I < 0, it means negative spatial correlation; and if I = 0, no spatial correlation exists.
The Z-value is used to evaluate the statistical significance of global Moran’s I, whose formula can be set as follows:
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where E(I) and VAR (I) are the mathematical expectation and coefficient of variation of [image: image].
Considering that the carbon emission may be affected by both geographical and economic factors. In this study, the nested weight matrix of spatial geography and economy is calculated by geographical distance and per capita GDP. The formula is shown as follows:
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where W1,ij, W2,ij, and Wij are the geography, economy, and nested spatial weight matrix, respectively, dij is the distance between the centers of city i and j, PGDPi and PGDPj are the average values of per capita GDP of city i and j from 2003 to 2019. [image: image], it represents the proportion of economic weight. In this study, [image: image] is 0.50, implying that economy weight is equal to the geography weight.
2.1.2 Local Spatial Correlation Analysis
Compared with the global Moran’s I, it only evaluates the spatial correlation of carbon emission from a global perspective, while the cold and hot spots analyses (Ord and Getis, 1995) can reflect the spatial agglomeration degree of individual units. In this study, the cold and hot spots analysis is also applied to identify significant spatial clustering of high- and low-carbon emission calculated by Getis-Ord [image: image], which are represented as hot spots and cold spots, respectively. The formula for global G index is given as follows:
[image: image]
The [image: image] index of sample i is set as follows:
[image: image]
Similar to Moran’s I, the [image: image] is used to assess the statistical significance of [image: image]. Its formula is as follows:
[image: image]
where Xi and Xj are the carbon emission of city i and city j, respectively; Wij is the spatial weight matrix; [image: image] and [image: image] are the mathematical expectation and coefficient of variation of [image: image]; and [image: image] is the standardized statistic of the [image: image] test, its significance can identify the spatial distribution of hot and cold spots in different areas.
2.1.3 Standard Deviation Ellipse
The standard deviation ellipse (SDE) proposed by Lefever (1926) quantitatively describes the spatial distribution characteristics of the research object through its center, long, and short axis, azimuth, and other basic parameters (Chen et al., 2021). The concrete calculating process can be reflected by the following equation:
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where (SDEx, SDEy) is the centroid of the ellipse, (xi,yi) is the geographic coordinates of the city i, [image: image] is the weighted mean center, [image: image] represents the D-value between the mean center and coordinates of XY, and the angle [image: image] is the ellipse directional orientation, meaning the clockwise rotation degree from north to the long axis of the ellipse. [image: image] and [image: image] are the length of the long and short axis of the ellipse, respectively.
2.1.4 Dagum Gini Coefficient and Its Decomposition
Dagum (1997) proposed a superior method for measuring inequity, which can describe the sources of overall regional difference and the distribution of subsamples remain unaffected by sample overlap (e.g., not all cities in the eastern region have a higher carbon emission than those in other regions; some cities in the center, western, and northeastern regions may also have higher carbon emission than individual cities in the eastern region, which calls as the sample overlap). This method has been widely employed in many fields, yet its applications in the environmental stewardship remain limited. Given this, we used Dagum’s decomposition and Gini coefficient to explore the regional difference of the carbon emission in urban China. The following Equation 16 can express it:
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where yji (yhr) is the carbon emission of city i (j) in the region j (h), [image: image] is national average carbon emission, n represents total number of cities, k denotes the number of regions, and nj (nh) is the number of cities in their respective region.
Before conducting Dagum’s Gini coefficient decomposition, the regions under study must be classified by their average carbon emission using Eq. 17, as follows:
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Following Dagum (1997), the Gini coefficient can be decomposed into three terms, namely, contribution of intra-regional differences Gw, contribution of interregional differences Gnb, and contribution of the intensity of transvariation Gt,, as illustrated in Eqs 18–20. Accordingly, the components meet G = Gw + Gnb + Gt. Equation 21 denotes the Gini coefficient Gjj within the jth region, Eq. 22 denotes the Gini coefficient [image: image] between jth and hth region, and Djh represents the relative difference of carbon emission between regions i and j, as shown in Eq. 23. Note that [image: image].
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Eqs 24, 25 show the detailed calculation process of djh and pjh. Specifically, djh is the difference of the contribution rate of carbon emission between regions, which could be defined as aggregate expectation of all samples, satisfying[image: image], in regions j and h, whereas pjh is the hypervariable first-order moment, and condition [image: image] is also satisfied, in regions j and h. Fh(Fj) is the cumulative density distribution function of the hth (jth) region.
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[image: image]
2.1.5 Geographical Detector Model
The geographical detector model proposed by Wang et al. (2016) is an advanced statistical method, which can be used to detect spatial heterogeneity and reveal the key drivers behind that heterogeneity. The model mainly consists of four parts including the factor detector, interaction detector, ecological detector, and risk detector (Wang et al., 2010). To be specific, the factor detector, denoted by PD statistic, investigates the explanatory power of factor X on Y spatial heterogeneity; the interaction detector distinguishes whether there exist interactions between X1 and X2; the ecological detector compares the impact difference of X1 and X2 on Y; and the risk detector reveals potential risk areas of Y. In this study, based on the previous researches (Zhang and Zhao, 2018), we adopted the factor detector, interaction detector, and ecological detector to identify and extract the key contributors affecting carbon emission. The formula is given as follows:
[image: image]
where PD is the power of determinant on the carbon emission. [image: image], and the greater the value, the stronger the determinate power of this factor for carbon emission heterogeneity will be. The study area is divided into L layers, represented by h = 0,1,2,3, L. n and nh refer to the total number of cities in China and layer h. [image: image] and [image: image] stand for the variance of carbon emission in the entire study region and layer h.
The fact is, however, that Y may be influenced by the interaction between two factors rather than a single one. With regard to this, the interaction detector can assist in significantly identifying the interaction between the two factors (Zhan et al., 2018). The interactive influence can be judged using Figure 1.
[image: Figure 1]FIGURE 1 | Interaction relationships.
As shown in Figure 1, q (X1) and q (X2) refer to the separate impact of X1 and X2 on Y, and [image: image] denotes the interactive impact of X1 and X2. To be specific, the weak and non-linear impact represents a smaller interactive impact of X1 and X2 than their separate impacts, while the enhanced and bivariate impact suggests a bigger interaction. In addition, the weak and univariate impact indicates that a moderate interaction impact exists in the separate impact of X1 and X2, whereas the independent effect shows that the interaction impact is equivalent to the sum of X1 and X2 separate impacts. Finally, the enhanced and non-linear impact stands for the interactive impact of X1 and X2 that is much stronger relative to the sum of their separate impact.
2.2 Data and Source
2.2.1 Data for the Carbon Emissions
Given the scarcity of official source on carbon emission data in cities and in accordance with Han and Xie (2017) and Ren et al. (2020), this study calculated carbon emission based on the consumption of liquefied petroleum gas, natural gas, and annual electricity in a concerned city by using a unified standard and scientific method proposed by IPCC (Eggleston et al., 2006). The formula for calculation is as follows:
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where [image: image] is the carbon emission of cities; [image: image] stand for the carbon emission caused by liquefied petroleum gas, natural gas, and annual electricity consumption; [image: image] represent the consumption of liquefied petroleum gas, natural gas, and annual electricity, respectively; [image: image] is the converted coefficient of liquefied petroleum gas (natural gas); [image: image] denotes the proportion of coal power generation; and [image: image] is the converted coefficient of coal power fuel chain, equivalent CO 2 is 1.320 3kg/(kwh) (Zhou et al., 2019a).
2.2.2 Data for the Driving Factors
Based on a previous study (Huang et al., 2019b; Essandoh et al., 2020; Zhang et al., 2020), 12 proxy indicators were selected as the potential driving factors for carbon emission. To be more specific, the foreign direct investment (FDI) level, trade openness (OPEN), economic development level (PGDP), transportation infrastructure (TRA), investment scale (INV), information level (INF), environmental regulation (ER), population density (PD), industrial structure (IS), financial development level (FIN), research and development expense (RD), and energy intensity (EI) were chosen in this study. All of the abovementioned variables have been classified using the natural breaks classification method, and the detailed description of these driving factors is displayed in Table 1.
TABLE 1 | Description of the driving factors.
[image: Table 1]2.2.3 Data Description
In view of data accessibility and consistency, the scope of our research was limited in 284 Chinese prefecture-level cities from 2003 to 2019. Since 9 January 2019, Jinan and Laiwu have amalgamated into one. With regard to this, we aggregated the original data of these two cities from 2003 to 2018.
In addition, taking into account the economic and geographical conditions of different areas in China, the carbon emission should be studied regionally. This study divided the study area into four regions, namely, eastern, central, western, and northeastern, to investigate regional differences in carbon emission.
3 RESULTS AND DISCUSSION
3.1 Temporal and Spatial Characteristics
The temporal changes in carbon emission in China and four regions during the same period are exhibited in Figure 2. As seen in the figure, the national annual average carbon emission took on an increasing trend for the period 2003–2019 and increased by 12% annually. More specifically, the annual average carbon emission maintained relatively steady growth between 2003 and 2016 from the minimum, 42.02 Mt, to the maximum, 104.09 Mt, but had a sharp increase since 2017 and hit an all-time high of 221.92 Mt in 2019. With regard to four regions, the carbon emission showed predominant regional differences with the annual average value sorted by a decreasing order as eastern region (180.65 Mt) [image: image] northeastern region (70.10 Mt) [image: image] western region (66.87 Mt) [image: image] central region (64.26 Mt), with the annual growth rates being 11%, 9%, 16% and 14%, respectively. Also, the carbon emission in those four regions presented a similar temporal behavior of increase to the whole country, indicating that carbon emissions have become a vital environmental issue to China’s sustainable economic development.
[image: Figure 2]FIGURE 2 | Changing trends of carbon emission in China and four regions.
The spatial distribution of carbon emission in 2003, 2011, and 2019 is presented in Figure 3. As shown in Figure 3, the carbon emission is divided into four types: “low emission” (0–100 Mt), “medium–low emission” (100–400 Mt), “medium–high emission” (400–700 Mt), and” high emission” (>700 Mt). Overall, the carbon emission from the 284 Chinese cities experienced a growing trend from 2003 to 2019, and the spatial diffusion breadth and scale expanded. Carbon emission in the studied cities was characterized by a spatial distribution of “higher in the east and lower in the midwest”. Specifically, cities with higher emissions were distributed mainly over eastern China, such as Shanghai (1,647.16 Mt), Beijing (1,490.28 Mt), Binzhou (1,078.21 Mt), and Shenzhen (984.27 Mt), which ranked in the top five, while cities in other areas had relatively lower emissions (apart from Chongqing, 1,173.34 Mt, and Chengdu, 718.40 Mt). In addition, it is to be noted that all municipalities were located in high carbon emission levels being concentrated above 700 Mt. As a result of rapid industrialization and urbanization, these developed cities were suffering more severe environmental pressure.
[image: Figure 3]FIGURE 3 | Spatial distribution of carbon emission in 2003, 2011, and 2019.
To further analyze the overall spatial pattern changes in carbon emission with time, in Figure 4 and Figure 5, a series of distribution charts of carbon emission in Chinese cities from 2003 to 2019 were illustrated by using the SDE method. During the study period, the spatial distribution of carbon emission showed the “northeast-southwest” direction, and the gravity center moved northwest, from Fuyang to Zhumadian then to Zhoukou. As described in Figure 5A, the shape index (the ratio of long axis to short axis) varied from at most 1.56 in 2003 to a lower value of 1.34 in 2019, indicating that heterogenous spatial changes in carbon emission were happening over time. The closer the ratio was to 1, the more the ellipse looked like a circle, thus the smaller the carbon emission differences between regions tended to be. In addition to that the azimuth of the long axis was rotated counterclockwise from 14.03° to 11.40°, which suggested that “northeast-southwest” direction was the basic distribution pattern of urban carbon emissions in China (see Figure 5B). It has to do with the rapid increase of carbon emission in the northeast and western regions over recent years.
[image: Figure 4]FIGURE 4 | Center of gravity migration of carbon emission in China from 2003 to 2019.
[image: Figure 5]FIGURE 5 | Change of the rotation and shape of carbon emission in China from 2003 to 2019.
Table 2 showed the global Moran’s I of carbon emission of 284 Chinese cities in 2003, 2011, and 2019. The results suggested that the Moran’s I of carbon emissions were positive, and the p-values for all passed the significance test at the level of 1%. We, therefore, concluded that a spatial positive correlation of carbon emission existed between regions.
TABLE 2 | Global Moran’s I of carbon emission for the year 2003, 2011, and 2019.
[image: Table 2]The cold and hot spots results of carbon emission in Chinese cities are illustrated in Figure 6. From the perspective of spatial distribution, the primary and secondary hot spots of carbon emission were located in eastern China, mainly in Beijing, Shanghai, Guangdong, and their surrounding cities, manifesting that the carbon emissions in these cities have not been effectively controlled. Most of the primary and secondary cold spots were mainly concentrated in central and western regions of China, which formed a contrast with the east. As for time trends, the hot spots of the Guangzhou-centered area have changed from primary to secondary, and the secondary hot spots have spread to most parts of central China. During the study period, new spatial and temporal changes did not appear significantly in primary and secondary cold spots (see Figure 6). In summary, the cold and hot spots of carbon emission showed obvious spatial clustering characteristics, featuring as a distribution pattern of “eastern hot spots gathering and western cold spots grouping”.
[image: Figure 6]FIGURE 6 | Hot and cold spots of carbon emission in 2003, 2011, and 2019.
3.2 Regional Differences and Its Decomposition
In this section, the Dagum Gini coefficient was used for the measurement and decomposition of regional differences in China’s carbon emissions. Figure 7 depicted the variation in overall and intra-regional Gini coefficient of carbon emission in China from 2003 to 2019, respectively. The overall Gini coefficient exhibited a downward and fluctuating trend, with the annual average decrease of 1.71%. The final Gini coefficient in 2019 (0.48) was lower than that in 2003 (0.64), indicating a narrowing regional difference in China’s carbon emission in the research period.
[image: Figure 7]FIGURE 7 | Changing trends of the overall and intra-regional Gini coefficient of carbon emission.
For each specific region, Figure 7 further showed that the average intra-regional Gini coefficients of the four regions, namely, eastern, central, western, and northeastern, were 0.59, 0.46, 0.58, and 0.50, respectively. The Gini coefficient of the northeastern region displayed a V-shaped trend of “decreased first and increased afterward”, with the annual decrease being 0.10%. To be more specific, the Gini coefficient first declined slightly from 2003’s 0.53 to 2017’s 0.43, which was an annual decrease of 1.46%, followed by a strong increase until 2019, reaching the value of 0.51, and then increased by 9.43% annually. Compared with the northeastern region, the differences in eastern, western, and central regions all showed slowly declined trends from 2003 to 2019, decreasing by 2.33, 2.72, and 1.50% at annual rates, respectively. As analyzed before, the differences in carbon emission within regions were progressively alleviated, which is conductive to help China to become carbon-neutral quickly in the future.
The changing trends of the interregional Gini coefficient are illustrated in Figure 8. As described in Figure 8, the differences between regions were fairly clear, with the largest gap being between eastern and western regions at an annual average of 0.66, followed by eastern-central (0.62), eastern-northeastern (0.61), central-western (0.56), and western-northeastern (0.53), while the differences between central and northeastern regions was the lowest (0.50). In addition, the interregional Gini coefficient changing trends for the four regions were generally consistent and steadily decreasing, with the annual decline rates of 1.86, 1.79, 1%, 1.79%, 1.74%, 1.26%, 1.08% and 0.39% in central-western, eastern-western, eastern-central, central-northeastern, western-northeastern, and eastern-northeastern, respectively. These trends might be the results of resource endowment, technological innovation, and economic development level, which caused the differences in carbon emission between regions.
[image: Figure 8]FIGURE 8 | Changing trends of the interregional Gini coefficient of carbon emission.
For further analysis of the regional differences in carbon emission, Figure 9 presented the decomposition of the overall Gini coefficient of the carbon emission in China and the main sources for the differences. Figure 9 shows that the intra-regional differences (Gw) contributed 25.91% on the total differences on average, the intensity of transvariation (Gt) contributed 28.99% during 2003–2019, and the contribution of inter-regional differences (Gn) was 45.10%, which meant the difference between regions was the greatest source. Regarding the changing processes, it was fairly obvious that the contributions of Gw and Gt remained relatively stable, while the contribution of Gn was increasing, as it varied gently within 41.48%–49.34%, with the annual increase rate being 0.20%. Therefore, it was concluded that the deterioration trend of carbon emissions in China was largely attributable to the differences between regions; thus, shrinking the gap of regions should be the key contributor to facilitate China’s carbon-abatement agenda.
[image: Figure 9]FIGURE 9 | Sources of the overall differences in carbon emission and the trends of their distributions.
3.3 Driving Factors of Carbon Emission
The results in Table 3 represented the selected 12 driving factors’ influence on carbon emission using the factor detector model in 2003 and 2019. Furthermore, the ecological detector was utilized to test the distinct differences among these influencers regarding the spatial heterogeneity of regional carbon emission (see Figure 10, [image: image] ). To investigate the interactive effects between any two factors of carbon emission in China, the interaction detector was introduced, and the results are provided in Figure 11.
TABLE 3 | Power of the determinant value (PD value) for driving factors in China (2003 and 2019).
[image: Table 3][image: Figure 10]FIGURE 10 | Ecological detector results for driving factors on carbon emission in 2003 and 2019.
[image: Figure 11]FIGURE 11 | Interaction detector results of driving factors on carbon emission in 2003 and 2019.
Based on Table 3, these drivers were found to differ in their impacts on carbon emission in China, with most drivers showing significant effects, among which TRA (0.586), PGDP (0.561), INF (0.365), PD (0.325), and OPEN (0.247) had the strongest determinative power. In detail, the influences of the twelve factors mentioned before on carbon emission in China are elaborated further:
(1) It can be seen that TRA was closely associated with carbon emissions in China, with the PD value changing from 0.667 in 2003 to 0.586 in 2019, which implied that the influence of TRA appeared to have weakened during the study period. The finding that transportation infrastructure expansion stimulated pollution comprising carbon emissions was not surprising, which was consistent with other studies (Xie et al., 2017; Huang et al., 2019a). This indicated that rapid economic growth and population expansion increased travel needs which further caused more traffic carbon emissions. Notably, with the appeal for sustainable economic development and green travel, TRA tended to form a more energy-saved and low-carbon style, as fossil energy was being replaced gradually by cleaner sources of energy such as solar in the transportation sector.
(2) The results showed that AGDP posed a huge environmental hazard to carbon reduction with the PD value up to 0.561 in 2019, while AGDP portrayed a smaller role that determined only 0.380 of the change of carbon emission in 2003. The reason for this result may be the extensive economic development mode characterized by high energy, high polluting, and high emission, which made the economy to become the second decisive and influential driver. As the economy grew faster, the number of resources and energy consumption increased rapidly, which in turn led to more carbon emissions (Ma et al., 2021). With this in mind, economic development must offset its environmental damage to a great extent, to simultaneously attain a win-win scenario with China’s economic growth and carbon abatement.
(3) According to the estimated results, the explanatory power of INF has had a negative and an obstructive impact on carbon emission, with the PD value ranging from 0.447 in 2003 to 0.365 in 2019. Similar results include Anser et al. (2021); on the one hand, the widespread application of information technology has enhanced enterprise green knowledge and innovation capacity, and on the other hand, it brought about opportunities for socioeconomic cleaner production and low-carbon development. In addition, the INF can promote environmental information exchange and resource sharing and will serve as a technological foundation for the government to strengthen environmental supervision, which can lead to lower carbon emission.
(4) The decisive power of PD on carbon emission in 2003 was 0.215, while it increased to 0.325 in 2019, indicating that PD has added considerable pressure on carbon mitigation. Our findings also echoed the argument that the positive correlation between population density and environmental pollution existed in China (Sharma et al., 2021; Xu et al., 2021). The possible reason was that high PD levels accelerated urbanization, leading to an enormous increase in energy resource consumption, and thus the environment was seriously damaged. To sum up, the side-effects on the environment caused by PD must, these aforementioned results suggested, be properly arranged in the enactment and deployment of emission-inhibiting policies.
(5) Consistent with a previous study produced by Wang and Zhang (2020), OPEN showed a quite significant, adverse effect on carbon emission in the research period, with the PD value decreasing dramatically from 2003’s 0.376 to 2019’s 0.247. Along with the implementation of reform and opening up, China has been active in formulating various measures that yielded sound, long-term economic and environmental benefits, including expanding its import–export trade and attracting massive foreign investment. We can conclude that a higher openness level is greatly conducive for ceasing the growth of carbon emissions. Further deepening the internal–external opening should be recognized as an important impetus for the high-quality environment, and bringing into full play a promoting role of OPEN on carbon abatement was of great magnitude in China.
(6) It is noted that the PD values of the remaining seven factors all stayed low in the years 2003 and 2019, implying a relatively smaller decisive power on carbon emission. It can be found that INV, IS, and RD had exerted a positive, incentive influence on carbon emission. Conversely, FDI and FIN hindered the growth of carbon emission. Moreover, from a long-term perspective, ER and EI’s PD values exhibited a downward trend and were no longer significant in 2019.
Furthermore, this study used the ecological detector to examine the significant differences in the impacts of factors on carbon emission at the 0.05 significance level. As is indicated in Figure 10, a great majority of those drivers showed a rather remarkable difference. For instance, in 2003, the impacts of TRA (X4) had a distinct difference as compared to those of ER (X7) and PD (X8). Results from the ecological detector showed that significant differences existed between PGDP (X3) and any other factors on the spatial distribution of carbon emission except TRA (X4) by 2019. The effects of TRA (X4) and INF(X6) on carbon emission were also significantly different, while the influences of INV(X5) and FIN(X10) were not significant (Figure 10).
The results of the interaction relationships between every two drivers in the years 2003 and 2019 are shown in Figure 11. The PD statistics on the diagonal represented the same separate effects of each driver, as listed in Table 3, while those distributed in the upper triangular matrix referred to the interactive effects. From the figure, it can be found, obviously, that interactions between most factors showed enhanced and non-linear effects on the carbon emission in China but some had an enhanced and bivariate effect. Taking FDI (X1) and OPEN (X2) for example, the relationship between X1 and X2 [image: image] was non-linear in 2003, X1 and X2 enhanced each other, leading to a continuous increase in carbon emission. Likewise, the interaction between OPEN (X2) and TRA (X4) [image: image] was greater than the maximum of their separate effects, indicating an enhanced, bivariate impact on carbon emission. From Figure 11, in 2003, the interactive determinant powers of TRA (X4) with other factors were significantly enhanced. This finding was also applicable to OPEN (X3) in 2019. According to the aforementioned analysis, the improvement of each variable might not reduce and cease the carbon emission without paying enough attention to interactions between factors.
The factor detection model was applied to further reveal the main driving factors affecting carbon emission regionally. The whole China was divided into four regions based on its geographical location, as shown in Table 4. The results are outlined as follows: in the eastern region, TRA was the primary factor affecting carbon emission both in 2003 and 2019 (with PD value increased by 0.037). PGDP (0.692), INF (0.438), INV (0.370), and PD (0.336) were also the important factors for increasing carbon emission. In 2003, PGDP (0.605) had the strongest determinative power on carbon emission in the central region; TRA (0.601), FIN (0.460), INF (0.390), and EI (0.327) also exerted major impacts on carbon emission. By comparison, TRA (0.688) surpassed PGDP (0.508) and became the primary influencing factor in 2019. Obviously, the PD values of FIN (0.436) and INF (0.321) decreased during the study period, thus indicating that the financial development and information construction in central areas reduced their impacts on carbon emission. As for the western part of China, the influence of TRA, FIN, and INF on carbon emission decreased significantly from 2003 to 2019, whereas that of FDI, PGDP, IS, and RD increased, resulting in more carbon emission. That might be due to the fact that cities in the western region were relatively intensive in energy resources but lagged in technology, short in innovation and poor in research. The effects on PGDP and TRA was weakened (with PD values decreased by 0.044 and 0.076, respectively) in the northeastern region, whereas the OPEN showed a growing impact on carbon emission (with the PD value remarkably increased from 0.016, 2003 to 0.334, 2019), which signified that trade openness exacerbated carbon emission.
TABLE 4 | PD values for driving factors in four regions of China (2003 and 2019).
[image: Table 4]4. CONCLUSION AND POLICY IMPLICATIONS
4.1 Conclusion
This study investigated the spatiotemporal differences and driving factors of carbon emission in 284 Chinese cities for the period 2003–2019. Specifically, we used the spatial correlation analysis, standard deviation ellipse, and Dagum Gini coefficient methods to derive the spatiotemporal evolution pattern of carbon emission and revealed the main sources of regional differences. Moreover, the geographical detector model was introduced to identify the major drivers of carbon emission in China. We draw the following conclusions:
(1) From the spatiotemporal evolution, the annual average carbon emission in China was 100.974 Mt for the period 2003–2019 and exhibited a general upward trend over time. Among the four regions, carbon emission was the highest in the eastern region and then followed by northeastern and western regions, while the center region was the lowest. In addition, all the four regions presented a persistent increase in carbon emission, and the western region enjoyed the largest growth rate. In addition to that, the results showed that the carbon emission portrayed a “northeast–southwest” spatial distribution direction and represented a strong positive spatial correlation with an imbalance polarization trend of “east-hot and west-cold.”
(2) The overall differences in carbon emission for cities showed a gradual downward trend during the research period from the Dagum Gini coefficient analysis, with higher Gini coefficients in eastern and central regions and lower Gini coefficients in western and northeastern regions, indicating that the regional differences in carbon emission were shrinking. Moreover, the contribution of interregional differences was obviously the largest and still increasing, thus narrowing the interregional differences should be set as the crucial point to reduce the overall carbon emission from a policy perspective.
(3) As for the driving factors of carbon emission, the results of the geographical detector model showed that transportation infrastructure, informatization level, and trade openness had the strongest determinative power in 2003, while transportation infrastructure, economic development level, and informatization level were the primary drivers affecting carbon emission in 2019. In the eastern, central, and northeastern regions, transportation infrastructure and the economic development level exerted a greater effect on carbon emission; however, the explanatory powers of transportation infrastructure and the foreign direct investment level were larger than other factors in the western region. In addition, the interactions can be classified into two kinds: enhanced and nonlinear and enhanced and bivariate. Also, the interactive effects between any two factors showed greater influence on carbon emission than their separate effects.
4.2 Policy Implications
In line with the conclusions obtained, the following policy implications for carbon emission mitigation in China can be put forward:
First, and most importantly, China has to seek new ways to simultaneously guarantee sustained economic growth and carbon emission reduction. As the largest developing country, China still needs to spare no efforts to develop its economy, and the carbon emission may continue to increase at the same time. Over the long term, under such urgent circumstances of extreme climate change, degeneration of ecological conditions, and exhaustion of resources, the first task for the Chinese government should be looking for alternative ways to change the economic growth from high inputs, high consumption, and high discharge to green and low carbon. For example, the government should prioritize clean vehicle research, economic structure adjustment, information technology improvement, and increased trade openness to curb carbon emission. Meanwhile, the interactions between factors should also be given full play to achieve the steady progress of China’s economy while reducing carbon emission, for example, considering the interactions with other factors during economic development, accelerating the development of new energy transportation, and improving the level of informatization, so as to achieve a win–win scenario with economic development and carbon mitigation.
Rather, the disparity between regions was the largest contributor to the total difference of carbon emission, so narrowing the gap between regional carbon emissions in urban areas should be treated as an effectual approach in mitigation policymaking. According to the aforementioned analysis results, the difference between eastern and western regions was the largest; thus, it is necessary for the local government to take the top priority for policies implementation about shrinking the gap across the cities belonging to eastern and western regions. For cities with higher emissions in the eastern region, the enactment of emission mitigation policies should be based on promoting green- and low-carbon economic transformation, so as to cease the growth of carbon emission. Strengthening the polluting industries and capital control and maintaining the current low-carbon development status, for lower cities in the western region, can assist in significantly curbing carbon emission. In addition, given that the carbon emission showed strong spatial positive correlation, the regional cooperation system should also be established to promote information exchange and cooperation, which can accelerate the emission-inhibiting process.
Last, in view of the distinguished decisive power of driving factors affecting regional carbon emission, it is pertinent for the Chinese government to formulate several flexible and targeted policies to facilitate its carbon-abatement agenda which are suitable for different parts of China. To be specific, the cities in all regions should stay devoted to modifying the traditional means of transportation into a cleaner way. In addition, to reduce carbon emission, the eastern region also has to put the main attention on economic progress and the enhancement of informatization level. Also, improving economic development quality and financial development level, increasing efforts to attract FDI, and accelerating research and development could serve as tools for carbon emission mitigation both in central and western regions. Regarding cities in the northeastern region, it is thus imperative for the local government to spur regional economic growth and expand the opening in trade during the carbon emission reduction.
However, there still exist some limitations that can be further improved in the future. First, carbon emission is an important catalyst for global warming, which could be triggered by various natural causes such as climatic types in different regions (Cai et al., 2018). Therefore, the analysis of impact factors on carbon emission should be considered into climatic types in future studies. Furthermore, the interactive influences in this study provided by the geographical detector model may not be comprehensive due to the complex relationships between variables (Zhu et al., 2020). With the improvement of the model, there is a need for future research to probe the interactive effects among three or more influencing factors on carbon emission in China. Finally, since December 2019, the global COVID-19 pandemic has been exerting profound impacts on human health and economic development. How will it affect carbon emission? With the extension of the study period and the update of data, this topic is worthy of further research.
DATA AVAILABILITY STATEMENT
The raw data supporting the conclusion of this article will be made available by the authors without undue reservation.
AUTHOR CONTRIBUTIONS
Conceptualization: K-LW; writing—original draft: R-YX; data curation: R-YX and F-QZ; supervision: K-LW and Y-HC.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
We sincerely acknowledge the financial support provided by the National Natural Science Foundation of China (Nos. 71973131, 71973132, and 71403003) and Major Project of National Social Science Foundation of China (No. 19VHQ002).
REFERENCES
 Ali, R., Bakhsh, K., and Yasin, M. A. (2019). Impact of Urbanization on CO2 Emissions in Emerging Economy: Evidence from Pakistan. Sust. Cities Soc. 48, 101553. doi:10.1016/j.scs.2019.101553
 Anser, M. K., Ahmad, M., Khan, M. A., Zaman, K., Nassani, A. A., Askar, S. E., et al. (2021). The Role of Information and Communication Technologies in Mitigating Carbon Emissions: Evidence from Panel Quantile Regression. Environ. Sci. Pollut. Res. 28, 21065–21084. doi:10.1007/s11356-020-12114-y
 Cai, B., Guo, H., Cao, L., Guan, D., and Bai, H. (2018). Local Strategies for China's Carbon Mitigation: An Investigation of Chinese City-Level CO2 Emissions. J. Clean. Prod. 178, 890–902. doi:10.1016/j.jclepro.2018.01.054
 Cai, A., Zheng, S., Cai, L., Yang, H., and Comite, U. (2021). How Does Green Technology Innovation Affect Carbon Emissions? A Spatial Econometric Analysis of China’s Provincial Panel Data. Front. Environ. Sci. 9, 813811. doi:10.3389/fenvs.2021.813811
 Chen, J., Gao, M., Mangla, S. K., Song, M., and Wen, J. (2020). Effects of Technological Changes on China's Carbon Emissions. Technol. Forecast. Soc. Change 153, 119938. doi:10.1016/j.techfore.2020.119938
 Chen, Z., Shu, W., Guo, H., and Pan, C. (2021). The Spatial Characteristics of Sustainable Development for Agricultural Products E-Commerce at County-Level: Based on the Empirical Analysis of China. Sustainability 13, 6557. doi:10.3390/su13126557
 Chuai, X., and Feng, J. (2019). High Resolution Carbon Emissions Simulation and Spatial Heterogeneity Analysis Based on Big Data in Nanjing City, China. Sci. Total Environ. 686, 828–837. doi:10.1016/j.scitotenv.2019.05.138
 CSY (2021). China Statistical Yearbook. Beijing, China: China Statistical Publishing House. 
 Dagum, C. (1997). A New Approach to the Decomposition of the Gini Income Inequality Ratio. Empirical Econ. 22, 515–531. doi:10.1007/bf01205777
 Dong, F., Dai, Y., Zhang, S., Zhang, X., and Long, R. (2019a). Can a Carbon Emission Trading Scheme Generate the Porter Effect? Evidence from Pilot Areas in China. Sci. Total Environ. 653, 565–577. doi:10.1016/j.scitotenv.2018.10.395
 Dong, F., Wang, Y., Su, B., Hua, Y., and Zhang, Y. (2019b). The Process of Peak CO2 Emissions in Developed Economies: A Perspective of Industrialization and Urbanization. Resour. Conservation Recycling 141, 61–75. doi:10.1016/j.resconrec.2018.10.010
 Dong, K., Hochman, G., and Timilsina, G. R. (2020). Do drivers of CO2 Emission Growth Alter Overtime and by the Stage of Economic Development?Energy Policy 140, 111420. doi:10.1016/j.enpol.2020.111420
 Du, Q., Deng, Y., Zhou, J., Wu, J., and Pang, Q. (2022). Spatial Spillover Effect of Carbon Emission Efficiency in the Construction Industry of China. Environ. Sci. Pollut. Res. 29, 2466–2479. doi:10.1007/s11356-021-15747-9
 Eggleston, H., Buendia, L., Miwa, K., Ngara, T., and Tanabe, K. (2006). 2006 IPCC Guidelines for National Greenhouse Gas Inventories. 
 Essandoh, O. K., Islam, M., and Kakinaka, M. (2020). Linking International Trade and Foreign Direct Investment to CO2 Emissions: Any Differences between Developed and Developing Countries?Sci. Total Environ. 712, 136437. doi:10.1016/j.scitotenv.2019.136437
 Gao, P., Yue, S., and Chen, H. (2021). Carbon Emission Efficiency of China's Industry Sectors: From the Perspective of Embodied Carbon Emissions. J. Clean. Prod. 283, 124655. doi:10.1016/j.jclepro.2020.124655
 Han, F., and Xie, R. (2017). Does the Agglomeration of Producer Services Reduce Carbon Emissions. J. Quantitative Tech. Econ. 3, 40. (in Chinese). 
 Han, X., Yu, J., Xia, Y., and Wang, J. (2021). Spatiotemporal Characteristics of Carbon Emissions in Energy-Enriched Areas and the Evolution of Regional Types. Energ. Rep. 7, 7224–7237. doi:10.1016/j.egyr.2021.10.097
 Huang, F., Zhou, D., Wang, Q., and Hang, Y. (2019a). Decomposition and Attribution Analysis of the Transport Sector's Carbon Dioxide Intensity Change in China. Transportation Res. A: Pol. Pract. 119, 343–358. doi:10.1016/j.tra.2018.12.001
 Huang, Q., Yu, Y., and Zhang, S. (2019b). Internet Development and Productivity Growth in Manufacturing Industries: Internal Mechanism and China Experiences. China Ind. Econ. 8, 5–23. (in Chiinese). 
 Huang, H., Hong, J., Wang, X., Chang-Richards, A., Zhang, J., and Qiao, B. (2022). A Spatiotemporal Analysis of the Driving Forces behind the Energy Interactions of the Chinese Economy: Evidence from Static and Dynamic Perspectives. Energy 239, 122104. doi:10.1016/j.energy.2021.122104
 Huang, Y., and Matsumoto, K. i. (2021). Drivers of the Change in Carbon Dioxide Emissions under the Progress of Urbanization in 30 Provinces in China: A Decomposition Analysis. J. Clean. Prod. 322, 129000. doi:10.1016/j.jclepro.2021.129000
 Karmellos, M., Kosmadakis, V., Dimas, P., Tsakanikas, A., Fylaktos, N., Taliotis, C., et al. (2021). A Decomposition and Decoupling Analysis of Carbon Dioxide Emissions from Electricity Generation: Evidence from the EU-27 and the UK. Energy 231, 120861. doi:10.1016/j.energy.2021.120861
 Lefever, D. W. (1926). Measuring Geographic Concentration by Means of the Standard Deviational Ellipse. Am. J. Sociol. 32, 88–94. doi:10.1086/214027
 Li, J., and Li, S. (2020). Energy Investment, Economic Growth and Carbon Emissions in China-Empirical Analysis Based on Spatial Durbin Model. Energy Policy 140, 111425. doi:10.1016/j.enpol.2020.111425
 Liu, B., Shi, J., Wang, H., Su, X., and Zhou, P. (2019a). Driving Factors of Carbon Emissions in China: A Joint Decomposition Approach Based on Meta-Frontier. Appl. Energ. 256, 113986. doi:10.1016/j.apenergy.2019.113986
 Liu, H., Nie, J., Cai, B., Cao, L., Wu, P., Pang, L., et al. (2019b). CO2 Emissions Patterns of 26 Cities in the Yangtze River Delta in 2015: Evidence and Implications. Environ. Pollut. 252, 1678–1686. doi:10.1016/j.envpol.2019.06.102
 Liu, H., Wang, C., Tian, M., and Wen, F. (2019c). Analysis of Regional Difference Decomposition of Changes in Energy Consumption in China during 1995-2015. Energy 171, 1139–1149. doi:10.1016/j.energy.2019.01.067
 Liu, Q., Wu, S., Lei, Y., Li, S., and Li, L. (2021). Exploring Spatial Characteristics of City-Level CO2 Emissions in China and Their Influencing Factors from Global and Local Perspectives. Sci. Total Environ. 754, 142206. doi:10.1016/j.scitotenv.2020.142206
 Ma, X., Dong, B., Wang, C., Gu, G., Chen, R., Li, Y., et al. (2019). Carbon Emissions from Energy Consumption in China: Its Measurement and Driving Factors. Sci. Total Environ. 648, 1411–1420. doi:10.1016/j.scitotenv.2018.08.183
 Ma, Q., Murshed, M., and Khan, Z. (2021). The Nexuses between Energy Investments, Technological Innovations, Emission Taxes, and Carbon Emissions in China. Energy Policy 155, 112345. doi:10.1016/j.enpol.2021.112345
 Moran, P. A. P. (1950). Notes on Continuous Stochastic Phenomena. Biometrika 37, 17–23. doi:10.1093/biomet/37.1-2.17
 Ord, J. K., and Getis, A. (1995). Local Spatial Autocorrelation Statistics: Distributional Issues and an Application. Geographical Anal. 27, 286–306. doi:10.1111/j.1538-4632.1995.tb00912.x
 Pu, Z., Yue, S., and Gao, P. (2020). The Driving Factors of China's Embodied Carbon Emissions. Technol. Forecast. Soc. Change 153, 119930. doi:10.1016/j.techfore.2020.119930
 Ren, X., Liu, Y., and Zhao, G. (2020). The Impact and Transmission Mechanism of Economic Agglomeration on Carbon Intensity. Chin. J. Popul. Resour. Environ. 30, 95–106. (in Chinese). doi:10.1007/s11769-020-1149-5
 Salvia, M., Reckien, D., Pietrapertosa, F., Eckersley, P., Spyridaki, N.-A., Krook-Riekkola, A., et al. (2021). Will Climate Mitigation Ambitions lead to Carbon Neutrality? an Analysis of the Local-Level Plans of 327 Cities in the EU. Renew. Sust. Energ. Rev. 135, 110253. doi:10.1016/j.rser.2020.110253
 Sharma, R., Sinha, A., and Kautish, P. (2021). Does Renewable Energy Consumption Reduce Ecological Footprint? Evidence from Eight Developing Countries of Asia. J. Clean. Prod. 285, 124867. doi:10.1016/j.jclepro.2020.124867
 Shen, L., Wu, Y., Lou, Y., Zeng, D., Shuai, C., and Song, X. (2018). What Drives the Carbon Emission in the Chinese Cities?-A Case of Pilot Low Carbon City of Beijing. J. Clean. Prod. 174, 343–354. doi:10.1016/j.jclepro.2017.10.333
 Shen, W., Liang, H., Dong, L., Ren, J., and Wang, G. (2021). Synergistic CO2 Reduction Effects in Chinese Urban Agglomerations: Perspectives from Social Network Analysis. Sci. Total Environ. 798, 149352. doi:10.1016/j.scitotenv.2021.149352
 Song, Y., Zhang, M., and Shan, C. (2019). Research on the Decoupling Trend and Mitigation Potential of CO2 Emissions from China's Transport Sector. Energy 183, 837–843. doi:10.1016/j.energy.2019.07.011
 Sun, H., Edziah, B. K., Kporsu, A. K., Sarkodie, S. A., and Taghizadeh-Hesary, F. (2021). Energy Efficiency: The Role of Technological Innovation and Knowledge Spillover. Technol. Forecast. Soc. Change 167, 120659.
 Wang, J. F., Li, X. H., Christakos, G., Liao, Y. L., Zhang, T., Gu, X., et al. (2010). Geographical Detectors-Based Health Risk Assessment and its Application in the Neural Tube Defects Study of the Heshun Region, China. Int. J. Geographical Inf. Sci. 24, 107–127. doi:10.1080/13658810802443457
 Wang, J.-F., Zhang, T.-L., and Fu, B.-J. (2016). A Measure of Spatial Stratified Heterogeneity. Ecol. Indicators 67, 250–256. doi:10.1016/j.ecolind.2016.02.052
 Wang, S., Shi, C., Fang, C., and Feng, K. (2019). Examining the Spatial Variations of Determinants of Energy-Related CO2 Emissions in China at the City Level Using Geographically Weighted Regression Model. Appl. Energ. 235, 95–105. doi:10.1016/j.apenergy.2018.10.083
 Wang, K. L., Xu, R. Y., Zhang, F. Q., Miao, Z., and Peng, G. (2021). Spatiotemporal Heterogeneity and Driving Factors of PM2.5 Reduction Efficiency: An Empirical Analysis of Three Urban Agglomerations in the Yangtze River Economic Belt, China. ECOLOGICAL INDICATORS 132. 108308doi:10.1016/j.ecolind.2021.108308
 Wang, Q., and Jiang, R. (2019). Is China's Economic Growth Decoupled from Carbon Emissions?J. Clean. Prod. 225, 1194–1208. doi:10.1016/j.jclepro.2019.03.301
 Wang, Q., and Zhang, F. (2020). Does Increasing Investment in Research and Development Promote Economic Growth Decoupling from Carbon Emission Growth? an Empirical Analysis of BRICS Countries. J. Clean. Prod. 252, 119853. doi:10.1016/j.jclepro.2019.119853
 Wang, Y., and Zheng, Y. (2021). Spatial Effects of Carbon Emission Intensity and Regional Development in China. Environ. Sci. Pollut. Res. 28, 14131–14143. doi:10.1007/s11356-020-11557-7
 Wei, Y., Zhu, X., Li, Y., Yao, T., and Tao, Y. (2019). Influential Factors of National and Regional CO2 Emission in China Based on Combined Model of DPSIR and PLS-SEM. J. Clean. Prod. 212, 698–712. doi:10.1016/j.jclepro.2018.11.155
 Wei, W., Zhang, P., Yao, M., Xue, M., Miao, J., Liu, B., et al. (2020). Multi-scope Electricity-Related Carbon Emissions Accounting: A Case Study of Shanghai. J. Clean. Prod. 252, 119789. doi:10.1016/j.jclepro.2019.119789
 Wu, L., Sun, L., Qi, P., Ren, X., and Sun, X. (2021). Energy Endowment, Industrial Structure Upgrading, and CO2 Emissions in China: Revisiting Resource Curse in the Context of Carbon Emissions. Resour. Pol. 74, 102329. doi:10.1016/j.resourpol.2021.102329
 Xie, R., Fang, J., and Liu, C. (2017). The Effects of Transportation Infrastructure on Urban Carbon Emissions. Appl. Energ. 196, 199–207. doi:10.1016/j.apenergy.2017.01.020
 Xu, B., and Lin, B. (2019). Can Expanding Natural Gas Consumption Reduce China's CO2 Emissions?Energ. Econ. 81, 393–407. doi:10.1016/j.eneco.2019.04.012
 Xu, B., and Lin, B. (2021). Investigating Spatial Variability of CO2 Emissions in Heavy Industry: Evidence from a Geographically Weighted Regression Model. Energy Policy 149, 112011. doi:10.1016/j.enpol.2020.112011
 Xu, L., Du, H., and Zhang, X. (2021). Driving Forces of Carbon Dioxide Emissions in China's Cities: An Empirical Analysis Based on the Geodetector Method. J. Clean. Prod. 287, 125169. doi:10.1016/j.jclepro.2020.125169
 Yang, X., Jia, Z., Yang, Z., and Yuan, X. (2021). The Effects of Technological Factors on Carbon Emissions from Various Sectors in China-A Spatial Perspective. J. Clean. Prod. 301, 126949. doi:10.1016/j.jclepro.2021.126949
 Yang, Z., Yu, L., Liu, Y., Yin, Z., and Xiao, Z. (2022a). Financial Inclusion and Carbon Reduction: Evidence from Chinese Counties. Front. Environ. Sci. 9, 793221. doi:10.3389/fenvs.2021.793221
 Yang, Z., Yuan, Y., and Zhang, Q. (2022b). Carbon Emission Trading Scheme, Carbon Emissions Reduction and Spatial Spillover Effects: Quasi-Experimental Evidence from China. Front. Environ. Sci. 9, 824298. doi:10.3389/fenvs.2021.824298
 Zhan, D., Kwan, M.-P., Zhang, W., Yu, X., Meng, B., and Liu, Q. (2018). The Driving Factors of Air Quality index in China. J. Clean. Prod. 197, 1342–1351. doi:10.1016/j.jclepro.2018.06.108
 Zhang, X., and Zhao, Y. (2018). Identification of the Driving Factors' Influences on Regional Energy-Related Carbon Emissions in China Based on Geographical Detector Method. Environ. Sci. Pollut. Res. 25, 9626–9635. doi:10.1007/s11356-018-1237-6
 Zhang, W., Li, G., Uddin, M. K., and Guo, S. (2020). Environmental Regulation, Foreign Investment Behavior, and Carbon Emissions for 30 Provinces in China. J. Clean. Prod. 248, 119208. doi:10.1016/j.jclepro.2019.119208
 Zhang, Y., Pan, J., Zhang, Y., and Xu, J. (2021). Spatial-temporal Characteristics and Decoupling Effects of China's Carbon Footprint Based on Multi-Source Data. J. Geogr. Sci. 31, 327–349. doi:10.1007/s11442-021-1839-7
 Zhang, Y., Yu, Z., and Zhang, J. (2022). Research on Carbon Emission Differences Decomposition and Spatial Heterogeneity Pattern of China’s Eight Economic Regions. Environ. Sci. Pollut. Res. , 1–17. doi:10.1007/s11356-021-17935-z
 Zhao, G., Geng, Y., Sun, H., and Zhao, G. (2020). Spatial Effects and Transmission Mechanism of Inter-provincial Carbon Emission Intensity in China. China Popul. Resour. Environ. 30, 49–55. 
 Zhou, D., Zhou, F., and Wang, X. (2019a). Impact of Low-Carbon Pilot Policy on the Performance of Urban Carbon Emissions and its Mechanism. Resour. Sci. 41, 546–556. (in Chinese). 
 Zhou, Y., Liu, W., Lv, X., Chen, X., and Shen, M. (2019b). Investigating interior Driving Factors and Cross-Industrial Linkages of Carbon Emission Efficiency in China's Construction Industry: Based on Super-SBM DEA and GVAR Model. J. Clean. Prod. 241, 118322. doi:10.1016/j.jclepro.2019.118322
 Zhu, L., Meng, J., and Zhu, L. (2020). Applying Geodetector to Disentangle the Contributions of Natural and Anthropogenic Factors to NDVI Variations in the Middle Reaches of the Heihe River Basin. Ecol. Indicators 117, 106545. doi:10.1016/j.ecolind.2020.106545
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
The reviewer (JW) declared a shared affiliation with the author (YC) to the handling editor at the time of review.
Copyright © 2022 Wang, Xu, Zhang and Cheng. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 07 April 2022
doi: 10.3389/fenvs.2022.857516


[image: image2]
The Green Innovative Power of Carbon Neutrality in China: A Perspective of Innovation Efficiency in China’s High-Tech Industry Based on Meta-Frontier DEA
Wenjie Zou, Yi Shi, Zhihao Xu, Fang Ouyang, Lin Zhang* and Huangxin Chen*
School of Economics, Fujian Normal University, Fuzhou, China
Edited by:
Huaping Sun, Jiangsu University, China
Reviewed by:
Ming Zheng, Shanghai University, China
Liyuan Zhang, University of the West of Scotland, United Kingdom
* Correspondence: Lin Zhang, Zhanglin_Daniel@163.com; Huangxin Chen, qbx20180005@yjs.fjnu.edu.cn
Specialty section: This article was submitted to Environmental Economics and Management, a section of the journal Frontiers in Environmental Science
Received: 18 January 2022
Accepted: 28 February 2022
Published: 07 April 2022
Citation: Zou W, Shi Y, Xu Z, Ouyang F, Zhang L and Chen H (2022) The Green Innovative Power of Carbon Neutrality in China: A Perspective of Innovation Efficiency in China’s High-Tech Industry Based on Meta-Frontier DEA. Front. Environ. Sci. 10:857516. doi: 10.3389/fenvs.2022.857516

The high-tech industry plays a crucial role in reducing carbon emission and achieving green economic development. This research uses Meta-Frontier data envelopment analysis to measure the innovation efficiency level of the high-tech industry in China’s provinces from 1999 to 2018, compares the difference in this industry’s innovation efficiency under the regional Frontier and common Frontier, and inspects the convergence condition of its innovation efficiency in the three major areas of eastern, central, and western China. The results show under the regional Frontier that the difference in innovation efficiency of the western region’s high-tech industry is the biggest, while the difference in the central region is the smallest, and under the national common Frontier the innovation efficiency level of the eastern region’s high-tech industry is the highest, while that of the western region is the lowest. The regional pattern of innovation efficiency in the high-tech industry is consistent with the development trend of the regional economy. Moreover, by using the ratio of the technology gap ratio, we find that the eastern region has the potential optimal technology in China, whereas the central and western regions have large room for improvement. Lastly, the stochastic convergence test shows that the innovation efficiency of the central region’s high-tech industry presents a convergence trend, but the same trend does not occur in the western and eastern regions as well as for the whole country.
Keywords: meta-frontier DEA, green innovation, high-tech industry, spatial difference, carbon neutrality
1 INTRODUCTION
China pledged in September 2020 to achieve carbon peak by 2030 and carbon neutrality by 2060. While China’s economy is developing rapidly and its production activities are expanding rapidly, China has become the world’s largest emitter of carbon. According to the World Bank, China has accounted for 30% of the world’s total carbon emissions after 2016, and the so-called carbon neutrality is to achieve net zero emissions of carbon dioxide, so carbon emission reduction is an important way for China to achieve its goal of green and low-carbon development and carbon neutrality, but also to combat global climate change. Carbon emission reduction needs to be carried out from the energy and industry dimensions, giving full play to the support of technological innovation, supporting the improvement of energy use efficiency (Sun et al., 2021a; Sun et al., 2021b), prompting the improvement of energy structure and the adjustment of industrial structure, all of which need to be sustained by the power of green technological innovation (Pan, 2022). Promoting innovation efficiency, enhancing green productivity and reducing carbon emissions are the main targets of the carbon neutrality goals (Zhao et al., 2022), The high-tech industry is the leading force of science and technology innovation in China, and it has led the green innovation process in China to a certain extent (Chen et al., 2020a). Therefore, in the context of carbon neutrality, it has profound theoretical and practical significance to study the innovation capacity and innovation efficiency of China’s high-tech industry to clarify the efficiency and level of green innovation in China.
Promoting the innovation efficiency of high-tech industries can not only upgrade industries and reduce carbon emissions but also ensure green economic development (Li H.-Z et al., 2017; Zhang et al., 2017). China has achieved green economic development by eliminating backward production capacity, adjusting the industrial structure (Liu, 2019). The high-tech industry1 not only encompasses the most active innovation activities in the current era of the knowledge economy. Under the background of today’s dual-carbon, it also plays a crucial role in achieving national green economic development, adjusting the economic structure, and increasing economic benefit. The scale and production efficiency of the high-tech industry reflect a country’s scientific and technological strength and core competitiveness in the global wave of green economic development. Thus, many countries promote the development of this key industry into a national strategic policy that responding the carbon neutrality (Wang et al., 2021; Song et al., 2022).
The China government in the 1990s regarded independent innovation as the core of its national development strategy and the key to enhancing its comprehensive economic strength. It thus began to speed up the promotion of the high-tech industry and transformed the method of promoting economic green growth from mainly relying on material resource consumption toward relying on scientific and technological progress, while at the same time targeting improvement in the quality of workers and green production innovation (Chen et al., 2020b). As a result, in the 21st century China’s high-tech industry has grown very fast, with the added value of high-tech industry accounting for 21.6% of GDP in 2018. The high-tech industry has indeed become an important power of green economic development for this country.
Innovation is the lifeblood of any high-tech industry, and it is very important to continually improve innovation efficiency. This leads to some questions: Has innovation efficiency risen steadily along with the rapid growth of China’s high-tech industry? Has regional imbalance in the development of China’s high-tech industry caused a regional difference in innovation efficiency? Is this difference becoming smaller or bigger? Exploring these issues has important theoretical significance for strengthening the competitive advantage of China’s high-tech industry and the ability of its domestic green economic development.
The remainder of this paper is organized as follows. Section 2 is Literature Review. Section 3 is High-tech Industry’s Innovation Efficiency Calculation. Section 4 is Convergence Test of the High-tech Industry’s Innovation Efficiency. Section 5 is Conclusions.
2 LITERATURE REVIEW
Innovation efficiency of the high-tech industry has attracted increasing attention from scholars around the world. Prior research studies were mainly performed at the industrial level (Chiu et al., 2010; Ma, 2015; Wang et al., 2016; Du et al., 2019) and the regional level (Li, 2009; Wang et al., 2015; Chen et al., 2020b; Liu C et al., 2020; Lin et al., 2021). The literature on innovation efficiency in the high-tech industry not only has focused on internal influencing factors such as research and development (R and D), technology achievement transformation, etc., but also the roles played by the government and market mechanisms. Zhang et al. (2012) applied the approach of Asaftei and Parmeter (2010) to analyze the influence of Rand D upon the productivity of China’s high-tech industry. Sun (2012) studied the R and D strategic effect of Taiwan’s bio-technology industry. Gao et al. (2018) adopted the threshold effect model to explore the relationship between reverse technology spillover effects and green innovation efficiency. Hong et al. (2015) used a stochastic Frontier analysis model to study the roles of government and market mechanisms in China’s high-tech industry innovation. Cao et al. (2019) employed the stochastic Frontier analysis model to test the impact of market competition on two-stage innovation efficiency for China’s high-tech industry. Su et al. (2021) explored the rules governing the process and operating mechanism of reverse knowledge transfer through cross-border mergers and acquisitions in China’s high-tech industry.
The most widely applied methods for the evaluation of innovation efficiency are non-parametric and parametric techniques, among which stochastic Frontier analysis (SFA) and data envelopment analysis (DEA) are the more relatively popular ones. DEA is an efficiency analysis of DMUs (decision making units) with multiple inputs and outputs in a specific period. Raab and Kotamraju (2006) used the DEA method to examine the input-output efficiency of the U.S. high-tech industry, finding that the technology innovation activities in some states provide significant regional economic benefits. Wang et al. (2020) constructed a high-tech industrial evaluation framework of technological innovation efficiency based on the two-stage DEA model. At the same time, the perspectives and methods of DEA applied by scholars have been gradually expended. Examples includes two-stage DEA employed in innovation efficiencies (Hsieh et al., 2020; Liu H et al., 2020; Feng et al., 2021), Super Slacks-based Measure DEA applied in empirical analysis (Chen et al., 2019; Ma et al., 2020; Shang et al., 2020; Shao et al., 2021), and three-stage DEA used in the measurement of efficiency score (Lu et al., 2019; Dia et al., 2020; Shi et al., 2021). In addition, Stochastic Frontier analysis (SFA) model was introduced simultaneously by Aigner et al. (1977) and Meeusen and Van Den Broeck (1977), and it assumes that a parametric function exists between production inputs and outputs. As an alternative approach to DEA, the great virtue of SFA is that it not only allows for technical inefficiency, but also acknowledges the fact that random shocks outside the control of producers can affect output (Cullinane et al., 2006). Li (2009) employed an SFA method proposed by Battese and Coelli (1995) to measure regional innovation performance and capabilities in 30 provinces of China during the period 1998–2005. Haschka and Herwartz (2020) used the Bayesian SFA model to evaluate innovation efficiency in Europe’s high-tech industries.
The amount of research on innovation efficiency in China’s high-tech industries is swiftly increasing in recent decades. For example, Ma and Goo (2005) employed the DEA and Malmquist Productivity Index (MPI) to study relative efficiency. Chiu et al. (2012) constructed a value-chain DEA model to compute R and D and operation efficiencies. Han et al. (2017) applied DEA to investigate the efficiency of relative R and D investment. An et al. (2018) employed a dynamic two-stage DEA approach and Liu and Huang (2019) proposed a virtual Frontier DEA model to find the driving force of efficiency change. Lin et al. (2020) adopted DEA window analysis with an ideal window width to dynamically investigate technological innovation efficiency.
The above studies in the literature, which look at innovation efficiency of China’s high-tech industry and regard it as a whole for analysis, ignore the imbalances existing in the regional development of its high-tech industry and do not delve into this industry’s regional technology gap. Thus, their conclusions may not fully reflect the reality of innovation efficiency in China’s high-tech industry. The DEA model is suitable for technical efficiency analysis, because all areas in the same country could be assumed to be under the same production technology for the national level, while the Meta-Frontier DEA is needed to investigate the regional technology gap caused by unbalanced regional development among the three distinct regions in China.
Hayami (1969) and Hayami and Ruttan (1973) introduced the concept of a Meta-production function to solve the incomparability of different groups’ performances, the basic thought of which is to emphasize the heterogeneity of production technology with different DMUs to reflect region, type, scale, and other inherent attributes. Battese & Rao (2002) and Battese et al. (2004) proposed the Meta-Frontier production model based on the SFA model, while O’Donnell et al. (2008) established a Meta-Frontier model that can be estimated using non-parametric and parametric methods. Since then, Meta-Frontier model have gained in popularity to assess the technology gaps of DMUs, including that of Chen et al. (2009) on regional productivity growth in China, Hajihassaniasl and Kök (2016) on the Turkish manufacturing industry, Li L.-B et al. (2017) on the Japanese electricity distribution sector, and Walheer (2018) on European sectors. The approach can be briefly explained as follows: DMUs are partitioned into groups in order to capture the heterogeneity present between DMUs.
Wang et al. (2013) used the Meta-Frontier DEA approach to measure energy efficiency by considering the technology gap and analyzed it as a discrete source of energy inefficiency, finding that the technology gap related to energy utilization is the most significant source of energy inefficiency in the central and the west provinces. Li L.-B et al. (2017) constructed a dynamic DEA model based on Meta-Frontier analysis to evaluate the efficiency of China’s regional high-tech industry during 1998–2011. Their empirical result showed that the east region is always in the lead, with the central and west regions obviously lag behind, however, the Meta-technology ratio of the west region has rapidly increased and presents a trend of catching up with the east. Tian and Lin (2018) utilized the non-parametric Meta-Frontier and sequential DEA methods to investigate the technology gap of energy utilization in different regions of China based on data of 30 provinces from 2005 to 2014. The main findings were that promoting dissemination of new technology from the eastern to the central and west regions can be reasonable, because the eastern region has the most advanced technology, and this approach could narrow the technology gap across the three areas in China. Sun et al. (2019) proposed a game Meta-Frontier DEA model and applied it to evaluate production technology in China’s different provinces from 2007 to 2016, presenting that the efficiency of the eastern region is significantly more desirable than that of the western region, while the technological potential of the central and western regions are enormous. These methodologies enable not only the calculation of comparable technical efficiencies for DMUs under different technologies, but also the estimation of technology gaps for DMUs under different technologies relative to the potential technology available to them as a whole.
This research applies Meta-Frontier DEA to study the innovation efficiency of China’s high-tech industry, with some innovative points. First, we apply Meta-Frontier DEA to measure the innovation efficiency of China’s eastern, central, western, and national high-tech industries and compare the innovation efficiency between the regional frontiers and the national common Frontier. Second, this research combines the measured result of innovation efficiency, introduces the technology gap ratio, and analyzes the gap between the technical level of each regional high-tech industry and the optimal technical potential in China. Third, we inspect the convergence condition of innovation efficiency in each region of China as well as the national high-tech industry.
3 HIGH-TECH INDUSTRY INNOVATION EFFICIENCY CALCULATION
3.1 Meta-Frontier DEA
The non-parametric approach has been traditionally assimilated into data envelopment analysis (DEA). DEA is a mathematical programming model applied to observed data that provides a way to construct production frontiers as well as calculate efficiency scores relative to those on a constructed Frontier.
The model developed by Charnes et al. (1979), known as the CCR model, imposes three restrictions on Frontier technology: constant returns to scale, convexity for the set of feasible input-output combinations, and strong disposability of inputs and outputs. The basic assumption of the CCR model is that a DMU has constant returns to scale (CRS), but in reality, a DMU could have increasing returns to scale (IRS) or decreasing returns to scale (DRS). As a result, the inefficiency of a DMU might result not only from an inappropriate configuration of inputs and outputs, but also from the assumption of CRS. Therefore, Charnes et al. (1979) set up the concept of the distance function and loosened the restriction of the variable possibility. The new DMU using variable returns to scale (VRS) is called the BCC model.
Tone (2001) provided a slack-based measure (SBM) model that considers the slacks of the input item and output item to estimate the efficiency value. The estimated efficiency value in the SBM model is between 0 and 1. The SBM model also uses a non-radial method to estimate an efficiency value. Thus, the puzzle in which the efficiency value cannot be achieved in the CCR model and in the BCC model does not happen in the SBM model.
Following the Tone model, Battese et al. (2004), O’Donnell et al. (2008), and Moreira et al. (2010) specified the non-stochastic Frontier estimation, based on the Meta-Frontier concept, to calculate the technology gap. O’Donnell et al. (2008) calculated the technology gap through the radial DEA model. The advantage of the Meta-Frontier model is that it calculates comparable technical efficiencies for firms operating under different technologies. Moreover, the technique includes building a global technology production Frontier (or a Meta-Frontier) and then separating the countries in the sample into relatively homogeneous (or regional) groups and then estimating group-specific frontiers.
This study further develops the SBM technology gap measurement, based on the DEA model, to analyze the differences between various operational technologies. Suppose that the overall DMU can be classified into I groups that employ different operating technologies. The sample size of the ith group is Ji and satisfies [image: image]. We write the formula as:
[image: image]
The optimal objective value of [image: image] is identified as Meta-efficiency following the definition of O’Donnell et al. (2008). We compute the efficiency score of [image: image] (labeled as [image: image]), evaluated based on the ith group (namely, group-efficiency) by solving the following mathematical program:
[image: image]
Here, [image: image] represents the group-efficiency score measured from the radial inputs, and [image: image] represents the composed weight of the benchmarks for [image: image].
In order to distinguish the differences between technologies, we define the technology gap ratio (TGR) of efficiency for the ith group’s jth DMU (i.e., [image: image]) as:
[image: image]
We define TGR in terms of the utilization of inputs and generation of outputs of an individual DMU as:
[image: image]
We define TGR in terms of the utilization of inputs and generation of outputs of individual groups as:
[image: image]
3.2 Variable Selection and Data Sources
We now select the innovation input variables. Research personnel and capital are the core input factors of innovation activities. Thus, this paper selects high-tech industry research personnel converted into full-time equivalent as the variable of high-tech industry research personnel investment and selects high-tech industry internal expenditure on R and D as the variable of high-tech industry capital input into R and D. Since research capital investment has an influence of innovation, this paper converts the intramural expenditure on R and D into internal expenditures to measure research capital investment. The conversion process is:
[image: image]
In the formula, [image: image] stands for the internal expenditures of research capital of some province in year t; [image: image] stands for the R and D capital depreciation rate; and [image: image] stands for the discounted high-tech industry investment in R&D expenditures of year t-1.
We suppose that the value growth rate of the high-tech industry’s R and D expenditures equals that of R&D expenditures. The beginning value of R and D expenditures can then be:
[image: image]
Here, [image: image] is the average annual growth rate of R&D expenditures. As for the depreciation rate of R and D expenditures, according to most scholars, [image: image] ＝15%.
We next select the innovation output in variables. The general indicators for the measurements of innovation output are patent applications or grants and new product output value or sales. Patent applications are the intermediate outputs of innovation activities that represent the direct results of innovation activities. New product output value reflects the ultimate economic value of technological innovation, process improvement, and other innovative activities. Therefore, this paper selects the number of patent applications and the value of new products as the output of innovation activities.
This paper selects 29 provinces (autonomous regions and municipalities; hereinafter, referred to as provinces) in China from 1999 to 2018 as the analysis samples (Tibet and Xinjiang are excluded due to serious missing of data, and Taiwan, Hong Kong, and Macao are not included in the scope of analysis). We divide China into three regions: eastern, central, and western.2 Data are from China Statistical Yearbook, China High-tech Industry Statistical Yearbook, and relevant provinces’ statistical yearbooks over the years. Some provinces lack data for individual years, and hence we adopt the average number of the year before and the year after. In order to prevent inflation or economic tightening from impacting the price of the underlying data as they span over a long period of time, this paper selects the price index of investment in fixed assets as the price deflator for the value of new products and the internal expenditure on R&D. We then reevaluate the business accounting data at current prices to comparable data by selecting 1999 as the base year. Table 1 lists the descriptive statistical characteristics of the innovation input and output data from 1999 to 2018 for the high-tech industry in China’s provinces.
TABLE 1 | Descriptive statistical characteristics of the innovation input and output for the high-tech industry in China’s provinces.
[image: Table 1]3.3 Analysis Result
The applications are based on input-oriented Meta-Frontier DEA by means of the software DEA-solver. Moreover, the innovation efficiency of the high-tech industry in every province is calculated by respectively measuring the industry’s innovation efficiency of each province in the eastern, central, and western regions under the regional Frontier and the common Frontier of China. Table 2 shows the results. At the same time, this study uses ArcGIS software to conduct a spatial visualization analysis of the average innovation efficiency of China’s high-tech industries under the regional Frontier and the common Frontier, as shown in Figure 1.
TABLE 2 | Innovation efficiency of the high-tech industry under the regional Frontier and the common Frontier in 1999–2018.
[image: Table 2][image: Figure 1]FIGURE 1 | Average innovation efficiency of the high-tech industry under the regional Frontier and the common Frontier in 1999–2018.
3.3.1 Variation Analysis of the Provinces’ Innovation Efficiency of the High-Tech Industry Under the Regional Frontier
The left side of Table 2 and Figure 1A present the basic conditions of the innovation efficiency of the high-tech industry under the regional Frontier for the eastern, central, and western regions from 1999 to 2018. In the eastern Frontier, the high-tech industry of the 12 eastern provinces has an average efficiency of 0.661, which indicates that using the potential optimal production technologies there will on the whole improve efficiency by 33.9%. The innovation efficiency of Shanghai ranks first with average efficiency of 0.926, while Hainan ranks last with innovation efficiency of 0.264, showing a huge gap between the two. In the central Frontier, the average efficiency of high-tech industry innovation of the nine central provinces is 0.719 among which Hubei ranks the highest at 0.837, and Anhui is the lowest at 0.663. The gap in the innovation efficiency among the central provinces and the room for optimal efficiency are smaller than that of the eastern region. In the western Frontier, the average high-tech industry innovation efficiency of the eight western provinces is 0.533, in which Chongqing ranks the highest, while those of Qinghai and Ningxia are relatively low.
We see from the comparison of the innovation efficiencies in the high-tech industry under the three regional frontiers that an obvious gap exists among the regions with the largest gap in the western region and the smallest gap in the central region. Compared with the regional potential optimal production technology, the improvement space for the innovation efficiency of the high-tech industry for the eastern, central, and western regions is respectively 33.9, 28.1 and 46.7%.
3.3.2 Variation Analysis of the Provinces’ Innovation Efficiency of the High-Tech Industry Under the Common Frontier
The right side of Table 2 and Figure 1B list the basic condition of the innovation efficiency of the high-tech industry in every province under the common Frontier of China from 1999 to 2018. We can see that the innovation efficiencies of the central and western provinces are different under the common Frontier and under the regional Frontier. For example, the average efficiency of Henan is 0.822 under the regional Frontier, while under the common Frontier it is 0.605, because the referential technologies are different under the two frontiers. The referential technology of the regional Frontier is the western regional potential optimal production technology, while that of the common Frontier is the potential optimal production technology of China. The eastern region represents the highest level of technology, while the referential technology of the national common Frontier and the regional Frontier is the same. Thus, the innovation efficiency of the eastern provinces under the two frontiers remains the same.
The provinces’ high-tech industry innovation efficiency gap is more obvious under the national common Frontier. The high-tech industry innovation efficiency of Shanghai is high at 0.926, while that of Ningxia is only 0.223. From the average value for the three regions’ high-tech industry innovation efficiency, the eastern region is the most efficient (0.661), followed by the central region (0.546), and then the western region is the lowest (0.406).
3.3.3 Variation Analysis Among the Provinces on the Technology Gap in the Innovation Efficiency of the High-Tech Industry
The biggest advantage of Meta-Frontier DEA is that the gap in production technology of different areas can be examined by the technology gap ratio.
From Table 3; Figure 2 we see a very obvious technology gap of innovation efficiency in the high-tech industry among China’s three major regions. The eastern region’s TGR is one every year, the country’s highest level, indicating that it has reached 100% of the national potential optimal technology. The eastern region is China’s most economically developed area with a large number of high-end professionals and significant foreign investment. Its overall innovation efficiency of the high-tech industry is higher than that of the western region and central region. The average TGR values of the central region and western region are respectively 0.834 and 0.702, indicating that the room for improvement for the two regions to the national potential optimal technology is 16.6 and 29.8%.
TABLE 3 | Analysis of the technology gap ratio (TGR) of innovation efficiency in each region.
[image: Table 3][image: Figure 2]FIGURE 2 | Analysis of the technology gap ratio (TGR) of innovation efficiency in each region.
From the variation rule of the gap between the region’s innovation efficiency of the high-tech industry, we note that TGR of the innovation efficiency of the high-tech industry in the central region has gradually increased, indicating that innovation efficiency of this regional high-tech industry is rising, and that the gap between the central region and the eastern region is narrowing. The central region’s TGR at first increases and then becomes smaller, which shows that the gradual improvement mechanism of the innovation efficiency of the high-tech industry has not yet formed in the central region. From the overall trend, the technology gap between the eastern region and the western region has gradually expanded.
4 CONVERGENCE TEST OF THE HIGH-TECH INDUSTRY’S INNOVATION EFFICIENCY
4.1 Stochastic Convergence and Test Method
The aim of convergence analysis is to study the income gap trends between different economies over time. According to the analysis methods and hypotheses, convergence analysis consists of σ convergence, ß convergence, club convergence, and stochastic convergence. Here, σ convergence means that the gap of per capita income among different economies decreases over time, while ß convergence includes conditional ß convergence and absolute ß convergence. Conditional ß convergence means that different economies respectively converge to a steady-state level of their own, while absolute ß convergence is that all economies converge to the same steady-state level. Club convergence implies that economies with a similar initial level and structural characteristics converge in the long run - namely, they show absolute convergence under the same level of development. Stochastic convergence mainly inspects whether changes in the gap in per capita income among different economies are relatively stable.
Bernard and Durlarf (1996) defined stochastic convergence under the assumption of economic variables’ linear deterministic trend and stochastic trend. For the economic variables of N (N = 1, 2...n) areas, if:
[image: image]
then the economic variables of these N areas could reach stochastic convergence (It is the information set at time t), which means that the gap of economic variables between different regions approaches infinitely close to zero over time. According to Bernard and Durlarf’s definition, the key to analyzing the convergence of regional economic variables lies in ascertaining the co-integration relationship of relevant economic variables in these regions.
Johanson’s maximum likelihood method is commonly used in the co-integration test with the following model:
[image: image]
Here, Yt is a vector including N first-order integrated I (1) time series variables; Δ indicates the first-order difference; Γ1,Γ2,...Γq-1 make up the P×P coefficient matrix; q refers to the lag order; Dt is a deterministic variable; Ut is vector of white noise; and Π is a compression matrix.
According to Johanson’s testing principle, the key to identifying the co-integration relationship among different economic variables is to determine the rank of the compression matrix in Formula 7. The trace test statistic is as follows:
[image: image]
Here, N refers to the number of sequential variables contained in vector Yt; T refers to the sample size; λi is the characteristic root at step i; and r is the number of hypothesized co-integration relationships, ranging from 0 to N-1. The null hypothesis is that the rank of compression matrix Π is r - namely, the number of co-integration relationships in the sequential variables. The alternative hypothesis is that the rank of compression matrix Π is N - namely, Yt is a stationary process. According to Johanson’s test model and trace test statistics formula, if one successively postulates r = 0,1,...,N-1, then we could get the corresponding statistic ηr, and until we get ηr. The first non-significant statistic, r, which is the number of co-integration relationships, can thus be ascertained.
4.2 Analysis of the Empirical Test
Before conducting the stochastic convergence, we should first use the Augmented Dickey-Fuller (ADF) test to study the stability of the sequences. According to the innovation efficiency of the high-tech industry in China’s provinces calculated on the basis of the common Frontier, the ADF test results for stability in the high-tech industry innovation efficiency sequences can be checked in Table 4.
TABLE 4 | Stationary test of the innovation efficiency series of the high-tech industry in China’s provinces.
[image: Table 4]As Table 4 shows, the first-order difference ADF test values for innovation efficiency of the high-tech industry in China’s provinces are more than 5%. Thus, the innovation efficiency sequences of the provinces’ high-tech industry are first-order integration I (1) sequences, whose co-integration relationship can be tested by Johanson’s method to judge the convergence of the gap of innovation efficiency gap among the eastern, central, western and national high-tech industries.
Table 5 shows the results of the co-integration test of the innovation efficiency sequences of the high-tech industry in the eastern, central, and western regions. In the whole country, r is five when the first non-significant trace test statistic appears, which shows that the number of innovation efficiency sequences for the national high-tech industry is 5 (r = 5 < 28–1 = 27). According to Bernard and Durlarf’s theory, innovation efficiency in China’s provinces’ high-tech industry will not converge in the long run. The number of co-integration relationships among innovation efficiency sequences of the high-tech industry in the eastern and western regions is respectively 3 (r < N-1 = 11) and 4 (r < N-1 = 7), and so the innovation efficiency of the high-tech industry in these two regions in the long run will not converge. For the central region, r is eight when the first non-significant trace test statistic appears, which shows that the number of co-integration relationship among the nine provinces there conforms to the formula of r = 9–1 = 8, and so the innovation efficiency of the high-tech industry in the central region will converge in the long run.
TABLE 5 | Stochastic convergence test results of the innovation efficiency series of each region’s high-tech industry.
[image: Table 5]Existing research results show that the level of regional economic development, industry agglomeration, R and D intensity, government support, and other factors all impact the level of innovation efficiency of the high-tech industry. The difference between the above factors’ results shows up in the difference among the convergence trend of innovation efficiency for the regional high-tech industries. In the central provinces, the resource endowment, industrial structure, and economic development levels are relatively close, and the degree of industrial agglomeration and R and D intensity tend to gradually narrow. In the eastern and western regions, due to differences in geographical location, labor conditions, and resource endowments, the gaps in the levels of economic development, the degree of industrial agglomeration, and R and D intensity expand rather than narrow, resulting in the gap of innovation efficiency for the high-tech industry to further expand.
5 CONCLUSION
Scholars at home and abroad have conducted systematic and in-depth studies around the innovation efficiency of high-tech industries. In terms of research methods, most of them adopt data envelopment analysis method to assess the innovation efficiency of high-tech industries. At the level of research content, the macro level is to study the innovation efficiency of high-tech industry from the external environment such as government and market, while the micro level is to explore the innovation efficiency of high-tech industry from the internal factors such as the quality of labor and R and D capital, and then to explore the new impetus for China’s green development. However, there are also some limitations: in terms of research methods, scholars mostly use DEA methods to study the innovation efficiency of high-tech industries, ignoring the influence of environmental constraints and random factors on the results, which leads to a certain error in the result of calculation. In terms of research objects, on the one hand, too much attentions have been paid to the research samples of economically developed regions, neglecting the research samples of western regions, and on the other hand, the heterogeneity of regional development has not been taken into account, ignoring the regional development imbalance of high-tech industries. Therefore, applying Meta-Frontier DEA, this research estimates the innovation efficiencies of the high-tech industries in China’s provinces on the basis of the regional Frontier and common Frontier from 1999 to 2018. We also study the convergence of the innovation efficiency of the high-tech industry in eastern, central, western, and all of China. The conclusions are as follows.
First, under the regional Frontier the gap in innovation efficiency of the provinces’ high-tech industry is quite obvious, among which the western regional gap is the biggest and that in the central region is the smallest. Comparing the potential optimal production technology in the same region, we find that the improvement room for innovation efficiency of the high-tech industry in eastern, central, and western China is respectively 33.9, 28.15, and 46.7%.
Second, under the common Frontier the gap of innovation efficiency of the high-tech industry in the provinces is more obvious. In Shanghai, the innovation efficiency of its high-tech industry reaches 0.926, but Ningxia is only at 0.223. Judging from the average, innovation efficiency is the highest in the eastern region followed by the central region, and the lowest is in the western region. The regional pattern of the innovation efficiency of the high-tech industry is consistent with the pattern of regional economic development within China.
Third, we employ the technology gap ratio to study the innovation efficiency of the high-tech industry in the eastern, central, and western regions of China. Findings show that eastern regional technology hits the potential optimal, while the improvement room for central and western regional technology is respectively 18.6 and 28.8%.
Fourth, we test the trend of innovation efficiency for China’s high-tech industry with stochastic convergence. Results present that the innovation efficiency of the high-tech industry in the central region converges, while the convergence trend has not yet formed in the western and eastern regions.
Based on the research in this paper, scholars should explore the real level of innovation efficiency of China’s high-tech industry from the macro, medium, and micro perspectives combined with the heterogeneity of the regional development of high-tech technology industry, and then provide an optimization path for the new dynamics of China’s green development. The above conclusions have significant meaning for the China government to support the development of its high-tech industry. First, in most of its provinces the innovation efficiency of the high-tech industry still maintains a great gap from the production Frontier namely, there is big room to improve innovation efficiency. Therefore, the government should implement the innovation-driven strategy, continuously increase R&D efforts, and strive to enhance the innovation efficiency and level of high-tech industries. Meanwhile, establish a win-win cooperation mechanism, promote the development of high-tech industries in the western region and foster the spillover of innovation factors and the full emergence of innovation vigor. Second, policies supporting innovation of the high-tech industry should be made on the basis of different regions’ actual conditions, taking into account industrial agglomeration, R&D intensity and other factors. On the premise of combining the heterogeneity of regional development levels, different development policies are formulated according to local conditions for high-tech industries in different regions, mechanisms matching the enhancement of innovation efficiency of high-tech industries are established, a scientific innovation system is set up, financing channels for high-tech industries are broadened through the help government, and a good innovation environment is created for the development of enterprise. Finally, the China government should guide those provinces with high innovation efficiency in the high-tech industry, such as Beijing, Shanghai, and Guangdong, to exert technology superiority and provide R&D spillovers in order to help the surrounding provinces improve their own innovation efficiency, especially to focus on helping the development of high-tech industries in Tibet, Qinghai and other provinces and regions, and the government should encourage the western provinces to entice high-tech enterprises to invest there and to increase R and D intensity, which will promote the improvement of their own internal innovation capacity and then realize the improvement of the overall innovation efficiency of China’s high-tech industry. In addition, it is necessary to improve the management level of enterprises, take management as an important means for the development of high-tech enterprises, and promote the establishment of a perfect modern enterprise system for the high-tech industries in the western region. At the same time, to improve the overall high-tech industry scale effect, the scale should be considered as an important grasp of the cultivation of high-tech industry innovation efficiency improvement.
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FOOTNOTES
1According to the Chinese High Technology Industry Yearbook, Chinese high-tech industries include pharmaceuticals, aircraft and spacecraft, electronic and telecommunication equipments, computers and office equipments, medical equipments, and meters.
2Eastern: Beijing, Tianjin, Hebei, Shandong, Shanghai, Jiangsu, Zhejiang, Fujian, Guangdong, Guangxi, and Hainan. Central: Shanxi, Inner Mongolia, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hunan, and Hubei. Western: Shaanxi, Gansu, Qinghai, Ningxia, Chongqing, Sichuan, Yunnan, and Guizhou.
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Facing of increasingly serious resource and environmental constraints, the adoption of green technology has become the key to driving the green production transformation of farmers under the constraints of environmental regulation. Whether environmental regulation can improve the adoption of green technology in breeding industry still needs to be further tested. Based on the survey data of 544 pig farmers in Sichuan, Shandong, Henan and Hebei provinces, this paper first measures the adoption degree of green breeding technology by using the coefficient of variation method. Then, the econometric model is used to empirically test the relationship between environmental regulation and farmers’ adoption of green technology. The results show that: firstly, environmental regulation can improve the adoption of green technology by farmers; Economic incentive regulation and educational guidance regulation can significantly improve the adoption of green technology by farmers from the perspective of environmental regulation. Secondly, environmental regulation has different effects on the adoption of green technology of different attributes of farmers. Its effect on the adoption of resource utilization technology is higher than that of harmless treatment technology and higher than that of reduction technology. Different dimensions of environmental regulation have different effects on the adoption of green technology by farmers with different attributes. Thirdly, the impact of environmental regulation on the adoption of green technology by different scale farmers is different, and its impact on high-scale farmers is more obvious. At the same time, different dimensions of environmental regulation have different effects on the adoption of green technology by farmers of different sizes.
Keywords: environmental regulation, green technology adoption, pig breeding, economic incentive regulation, educational guidance regulation, command mandatory regulation
INTRODUCTION
Over the past 40 years of reform and opening up, with the growth of demand and the promotion of policies, China’s animal husbandry industry has shown a rapid growth trend. By 2020, the output value of animal husbandry exceed 4 trillion yuan, accounting for 34% of the total agricultural output value2, with more than 100 million employees. It has become an important pillar industry for rural development. However, in the process of rapid development, the emission of livestock and poultry breeding waste is increasing day by day, and the amount of livestock and poultry feces produced every year is up to 3.8 billion tons. The comprehensive utilization rate of livestock and poultry manure is only 64%, and the problem of environmental pollution is becoming more and more serious (Yin, 2019). Extensive development has increased the pressure on carbon emission reduction. In 2016, China’s agricultural non energy CO2 emission equivalent was 780.22 million tons. Carbon emissions from livestock manure and intestinal fermentation account for 38.76% (Tian and Chen, 2021).
Taking into account the effective supply of livestock products and ecological and environmental protection, promoting the green transformation and upgrading of livestock and poultry breeding is an important way to reduce pollution and carbon in animal husbandry. Its core is the adoption of green breeding technology (Si et al., 2020). In view of this, the Chinese government has successively implemented a series of environmental regulation measures, such as the regulations on the prevention and control of pollution in large-scale livestock and poultry breeding issued in 2013, the technical guide for the delimitation of livestock and poultry breeding prohibited areas issued in 2016, and the environmental protection tax law officially implemented in January 2018. In addition, local governments at all levels have successively issued corresponding local regulations and environmental protection standards according to their own economic development and environmental protection requirements.
Many studies have shown that environmental regulation plays an important role as an external institutional element in the adoption of green technologies by farmers. Moser et al., 2008) empirically showed that media campaigns have an incentive effect on farmers’ adoption of biocontrol technologies. Mueller, 2013) found that government incentive-based regulations have a better effect than constraint-based regulations and that incentive-based regulations have the most significant effect on farmers’ adoption behavior of manure resource utilization technologies. Haghjou et al., 2014) found that government subsidies imposed a positive impact and incentive effect on farmers’ green technology adoption behavior. Abate et al., 2016) concluded that the level of support from government rural financial institutions was positively associated with the adoption of green technologies and the degree of adoption by farmers. Hou et al., 2019) found that mandatory burning bans had no significant ef fect on the use of straw-returning technologies, while the establishment of demonstration projects had a significant contribution to the adoption of straw-returning technologies. A study by Kolady et al., 2021) on the behavior of green fertilization technology use found that environmental regulation has a significant positive effect on farmers’ green technology adoption behavior through three paths: guidance, incentive and constraint. It has also been pointed out that the use of various types of policies in combination has a better effect on farmers’ green production technology adoption behavior (Jacquet et al., 2011; Zheng et al., 2014). However, the research on the impact of environmental regulation on farmers’ green technology choices mainly focuses on the research on farmers’ green production technology adoption behavior, lacks research on the capital- and labor-intensive livestock and poultry industries, and on the correlation between multiple technology adoption decisions Relationships are less discussed.
Farmers’ green technology adoption is a careful trade-off between risk minimization and profit maximization, and generally consider technology attributes that match their own endowments and have lower technology risks, and then combine with policy environment and capital endowment factors to show a certain technology adoption bias (Barnes et al., 2019). Green technology is a technology package composed of several technologies, and the technologies can be divided into different categories according to their technical attributes, for example, they can be divided into capital-increasing and risk-increasing technologies according to their technical functions, and capital-intensive and labor-intensive technologies according to their factor intensity (Man et al., 2010). However, due to the limitations of China’s incomplete factor market and the differentiation of farmers’ subjects, the initial endowments and risk preferences of farmers of different scales differ, resulting in large differences in the demand for different attribute technologies and different technology adoption biases among farming subjects. Although some studies have noted the strong heterogeneity of farmers’ adoption of different attribute technologies and studied them by technology attributes (Kolady et al., 2021), they only considered a prominent attribute of the technology and ignored the multidimensional attribute characteristics of the technology; for example, Xu et al., 2018) only explored the intertemporal selection attribute of direct straw return technology. The different degrees of constraints, incentives and publicity of environmental regulation policies on different attribute technologies lead to different biases of environmental regulation on farmers’ choice of different attribute green technologies. Then, can a series of environmental regulation policies implemented by the government promote the adoption of green technology by farmers? Do different attribute technologies show different adoption effects? Is there a significant difference in the behavioral response of farmers with endowment heterogeneity? The empirical test of these problems can provide a basis for formulating the green transformation policy of animal husbandry.
This paper uses the survey data of 544 pig farmers in Sichuan, Shandong, Henan and Hebei provinces to empirically study the impact of environmental regulation on the adoption of breeding technology using two-stage least squares (2SLS) and Multivariate Probit models. The structure of the article is arranged as follows, the second part is theoretical analysis and research hypothesis, the third part is data source, variable setting and model construction, the fourth part is empirical test and result analysis, the fifth part is heterogeneity analysis, the sixth part is are the main conclusions and policy recommendations.
THEORETICAL ANALYSIS AND RESEARCH HYPOTHESIS
The Impact of Environmental Regulation on the Adoption of Green Technology by Farmers
Environmental regulation belongs to the category of social regulation, and as administrative regulations to restrain the negative externality behavior of micro subjects, it can be divided into command-and-coercion type regulation with reverse supervision and economic incentive type and educational guidance type regulation with proactive promotion (Huang et al., 2016). At present, the implementation of environmental regulation is in a state of economic incentive regulation, supplemented by command-and-force regulation of punishment and supervision, and education-guided regulation running through it. Environmental regulation mainly affects the adoption of green technology in breeding industry through two mechanisms. The first is the compensation effect of innovation. Porter hypothesis points out that appropriate environmental regulation can force the economic subject to green technology innovation and produce compensation effect. Furthermore, environmental regulation can partially or completely make up for or even exceed the internalized environmental governance cost (Ge et al., 2021) The second is the cost offset effect. Environmental regulation will increase the access threshold of livestock and poultry breeding for farmers. The breeding that fails to meet the standard in the breeding link will not only reduce the production capacity, but also withdraw from production, resulting in serious economic losses (Sun et al., 2021a). The adoption of green technology by farmers requires a large amount of capital investment, which not only squeezes the capital investment in other links of farmers and weakens the competitiveness of farmers in market competition, but also reduces the capital turnover rate of farmers and occupies the supplementary column resources (Han Li et al, 2021; Han et al, 2021b), resulting in the squeeze of profit space. Third, the information rationing effect. The adoption of green technology by farmers is a dynamic process, and information, as an intangible element attached to the technology itself, also influences farmers’ production decision making behavior (Wei and Xu, 2017). Education-led regulation, including government demonstration, policy advocacy guidance and technical training, plays an important role in information rationing. On the one hand, it can alleviate the constraints of farmers’ access to green technology information, break the information barriers, realize the accumulation of technical knowledge and experience (Sun et al., 2021b), and promote their green technology choice; on the other hand, it can reduce information inconsistency, reduce the information search and transaction costs in the green technology choice process, and thus enhance the initiative of farmers’ green technology choice (Fen et al., 2019). In addition, the information sharing and“lock-in effect” of the guiding regulation can provide safety guarantee for green and high-quality livestock products, and can force farmers to choose green technology. Therefore, the impact of environmental regulation on the adoption of green technology by farmers is the result of the combination of two effects. This depends on the comparison of the compensation effect and offset effect brought by environmental regulation to farmers. If the former is greater than the latter, environmental regulation will promote the adoption of green technology by farmers. Based on this, the following hypotheses are proposed:
H1: Environmental regulation has a significant impact on the adoption of green technology by farmers.
The Impact of Mandatory Regulation on the Adoption of Green Technology by Farmers
When mandatory regulation regulates the production behavior of farmers through environmental protection measures such as supervision and punishment and pollution discharge standards, it needs to bear not only the corresponding factor input cost, but also the internalized environmental cost (pollution discharge and pollution control cost), which will undoubtedly increase the Cost Stickiness of farmers. The increase of Cost Stickiness will accelerate the optimal allocation of factor resources of farmers and force them to adopt green technology to absorb non- productive costs (Yu et al., 2019). At the same time, the spillover effect of green technology is conducive to slowing down or offsetting the decline in total income caused by regulation costs. Therefore, this paper puts forward the following hypotheses:
H2: Mandatory regulation can promote the adoption of green technology by farmers.
Impact of Incentive Environmental Regulation on the Adoption of Green Technology by Farmers
The incentive environmental regulation composed of financial subsidies, insurance linkage, facility subsidies and loan interest discount can not only alleviate the cost pressure and “production reduction” risk of green technology adoption by farmers, but also provide necessary conditions for technology adoption; It can also enhance the risk prevention and control ability of farmers, improve the risk awareness level of the main body, reduce the uncertainty of expected income, and provide risk guarantee for technology adoption; It can also alleviate the financing constraints of green breeding, virtually introduce green technology into the livestock and poultry breeding process, and drive farmers without technology to adopt green breeding technology (Li, 2019). Therefore, this paper puts forward the following hypotheses:
H3: Economic incentive regulation can promote the adoption of green technology by farmers.
The Impact of Educational Guidance Regulation on the Adoption of Green Technology by Farmers
The educational guidance regulation of government demonstration, policy publicity and guidance and technical training plays an important role in information rationing. It can alleviate the constraints of farmers’ access to green technology information, break the information barrier, realize the accumulation of technical knowledge and experience, and promote the adoption of green technology; It can also reduce information inaccuracy, reduce the information search and transaction cost in the process of green technology adoption, and then improve the initiative of farmers in green technology adoption. In addition, the information sharing and “lock-in effect” of guiding regulation provide safety guarantee for green and high-quality livestock products, which can force farmers to adopt green technology. Therefore, this paper puts forward the following hypotheses:
H4: Educational guidance regulation can promote the adoption of green technology by farmers.
DATA SOURCE, VARIABLE SETTING AND MODEL CONSTRUCTION
Data Source
The data used in this paper comes from the research group of “green transformation and production recovery of animal husbandry under the complex scenario of environmental regulation and epidemic impact”. From October to December 2019, the research group conducted a survey on Sichuan Province (Anyue County and Renshou County), Henan Province (Tanghe County, Xinxiang City) Field investigation on pig breeding in 4 provinces and 8 counties of Hebei Province (Luannan County and Funing County) and Shandong Province (Zhucheng city and Laixi county). The selection of these four provinces is mainly based on the following considerations: first, the four provinces are the national pig breeding intensive areas, with superior geographical location, strong environmental carrying capacity and large-scale breeding volume. The pig industry has become the pillar industry of the agricultural and rural economy of the four provinces. Second, the four provinces are located in the western, central and eastern regions of China, with relatively different levels of economic development and obvious ladder characteristics, which can better describe the production and operation of farmers at different levels in the main pig breeding areas in China (see Table 1) Third, the four provinces belong to different pig production areas, Shandong Province and Hebei Province belong to the main pig production areas, Sichuan Province and Henan Province are both the main pig production areas and the main pig sales areas, and the four provinces belong to the main distribution areas of leading pig enterprises such as Wen’s group and new hope group. Therefore, the four provinces are selected as the research area, and the research conclusions are more typical and representative.
TABLE 1 | Pig slaughter and per capita disposable income of farmers in the study area in 2018.
[image: Table 1]The survey follows the principle of combining multi-stage stratified sampling and random sampling. The specific sampling process is as follows: for the selected four provinces, combined with the geographical environment and regional economic development level, first randomly select two counties (county-level districts and cities) in each province. Secondly, according to the research purpose and the introduction of the heads of relevant departments of the animal husbandry bureau, three townships were randomly selected from each county (county-level district and city). Finally, 10–15 farmers were randomly selected in each township for face-to-face in-depth interviews to obtain first-hand information. In order to ensure the validity of the questionnaire, the research group selected Xianyang City, Shaanxi Province to carry out a small-scale pre survey before the formal survey. On this basis, the questionnaire is modified and improved. The respondents were family members who directly played a decision-making role in pig breeding, so as to ensure the accuracy and response rate of the questionnaire. The survey mainly includes the basic characteristics of farmers, family management characteristics, green production cognition, green technology participation, production transformation, environmental regulation, government promotion, production recovery and social capital. A total of 600 questionnaires were distributed in this survey. After excluding the questionnaires such as illogical and abnormal values, 544 valid questionnaires highly related to this study were obtained, and the effective rate of the questionnaire was 90.67%. Among them, there are 162 households in Sichuan Province, 122 households in Henan Province, 146 households in Hebei Province and 114 households in Shandong Province. Questionnaire Cronbach ' α) The reliability test value is 0.786, indicating that the overall validity of the questionnaire is good. The main research was conducted in 24 townships involving 48 administrative villages in 8 counties and cities, and the county distribution of specific samples is shown in Table 2.
TABLE 2 | Distribution of survey sample.
[image: Table 2]Variable Setting and Descriptive Statistics
Explained variable
degree of adoption of green technology by farmers. Due to the different costs and benefits of different types of technologies, the adoption of green technology by farmers is more complex. In this paper, the weighted average of the three technologies is used to measure the degree of adoption of green technology by farmers, that is, whether farmers adopt green breeding technology or not is a binary variable. If adopted, the value is 1, otherwise, the value is 0. However, considering the different promotion and applicability of farmers’ green production technology in different provinces, equal weight estimation will lead to inaccurate calculation results. Therefore, based on the practice of Xiao et al., 2020), this paper uses the coefficient of variation method to determine the weight coefficients of three green breeding technologies on the basis of measuring the benefits of green production technology from the three-dimensional aspects of technical and economic benefits, environmental benefits and livestock product quality and safety.
Coefficient of variation is a statistic to measure the degree of variation of the observed values of each index, which belongs to the objective weighting method of index weight. Different from chromatographic analysis method and entropy method, coefficient of variation method directly uses the information contained in each index data. After dimensionless processing, the coefficient of variation method reflects the degree of variation by calculating the ratio of standard error to average value of index data, and weights it. In this method, the greater the degree of variation between indicators, the greater the weight. On the contrary, the smaller the assignment (Chen et al., 2021). First, calculate the variation coefficient of each dimension under each green breeding sub technology, and the expression is:
[image: image]
In Equation 1 [image: image] is the standard deviation of the index [image: image]; [image: image] is the average value of the index [image: image].
Secondl, the coefficient of variation obtained by formula (1) is normalized. Then, this study selects the proportion of index variation coefficient in the sum of all index variation coefficients to obtain the secondary index weight of each dimension of green breeding technology, and the expression is:
[image: image]
In Equation 2, [image: image] is the variation coefficient of each dimension after normalizing the data.
Finally, the weight coefficients of the three green breeding sub technologies can be obtained by summing up the secondary index weights of the three dimensions of each green breeding sub technology respectively. The specific calculation results are as follows.
In order to effectively describe the technical attributes of green breeding technology, according to the subjective evaluation data of pig farmers, this paper uses Likert five level scale to measure the technical and economic benefit attributes, environmental protection attributes and product quality and safety attributes of the three technologies. The results of farmers’ adoption of green technology calculated by coefficient of variation method are shown in Table 3.
TABLE 3 | Index system and weight of green technology adoption degree of pig farmers.
[image: Table 3]Core explanatory variables
environmental regulation and its dimensions. Environmental regulation has multi-dimensional attributes, and its connotation is relatively rich. The academic research on environmental regulation mainly focuses on the related fields of industry and enterprises. However, there is a relative lack of research in the field of agriculture, especially in the field of animal husbandry. At present, there is no unified standard for the measurement of environmental regulation. The existing research basically selects the corresponding indicators according to the needs. This paper draws on the comprehensive index method and classified investigation method of environmental regulation proposed by Zhang, 2016) and Mei et al., 2018). This study constructs a comprehensive system of environmental regulation, including command and compulsion, economic incentive and educational guidance, to measure the intensity of environmental regulation. See Table 4 for specific indicator setting and dimension division. According to the requirements of the comprehensive index method, the regulation intensity of various policies or systems is measured or objective valued through the psychological response of farmers. The subjective values are assigned 1 ∼ 5 respectively, where 1 means no influence at all and 5 means great influence. In this paper, the dimensionality of 15 specific indicators is reduced by factor analysis. The results show that the KMO statistic is 0.80 and the p value of Bartlett spherical test is 0.00. This shows that the sample data is suitable for factor analysis. Three common factors are extracted according to the principle that the characteristic root is greater than 1, and the common factors are named command mandatory regulation, economic incentive regulation and education guidance regulation respectively. The cumulative variance contribution rate is 78.21%. Then, the value of the obtained factor variables is standardized factor score. According to the factor score and its variance contribution rate, the weighted average method is used to calculate the environmental regulation intensity index. The Cronbach coefficient of the selected index is 0.82, indicating that the extraction of common factor is well representative.
TABLE 4 | Measurement indicators of environmental regulation intensity.
[image: Table 4]Instrumental variables
In empirical research, there may be endogenous problems caused by measurement errors and missing variables. In order to eliminate the estimation error caused by endogeneity, the average environmental regulation intensity of other respondents except the respondent but with the same income level as the respondent is selected as the environmental regulation tool variable of the respondent. Mainly based on the following considerations: within the same village, the environmental regulation intensity of an individual farmer is highly related to the environmental level of other farmers with the same income level in the village; At the same time, the environmental regulation intensity of other farmers is not directly related to the green technology adoption decision of the individual farmers, so it is strictly exogenous. Similarly, this paper selects “the average value of mandatory environmental regulation of other respondents in the same village with the same income level as the respondents except the respondents”, “the economic incentive mean value of other respondents in the same village except the protected but with the same income level as the respondents” and “the educational guidance mean value of other respondents in the same village except the protected but with the same income level as the respondents” are used as the instrumental variables of the three regulations of farmers respectively.
Control variables
In this study, 14 variables that have an important impact on the adoption of green breeding technology by farmers are selected as control variables in three categories: respondents’ individual characteristics, family characteristics and external environment.
Among them, the individual characteristics of the respondents include:①Age of the household head. The older the household head, the more likely he or she is to be influenced by traditional habits and experiences, the more inclined he or she is to follow traditional farming patterns, and the less likely he or she is to adopt green farming techniques. ②Years of education. The higher the education level of the household head, the stronger the learning and understanding ability, the more comprehensive the understanding of green production, so the more inclined to adopt green farming technology, and improve its adoption level. ③Health status of the household head. The health status of the household head reflects the quality of the household labor force, and under the current situation of low mechanization level in pig farming, farmers with better hyperthyroidism are more likely to choose to adopt green farming technology (Zhang et al., 2015). ④Degree of risk preference. According to prospect theory, individual decision-making behavior is determined by a combination of factors such as the degree of risk preference and subjective judgment of objective probability (Qiu et al., 2020). In order to avoid production risks and market risks, farmers with a high degree of risk aversion are more inclined to adopt green farming techniques to improve farming efficiency. ⑤Green production perception. Green production perception is the evaluation and perception of green production costs and benefits formed by farmers under the combined effect of their own endowment characteristics and the external policy environment. Farmers’ green farming technology selection behavior is also a technology-integrated investment behavior, and clear value perceptions play an important role in farmers’ green technology selection behavior in the face of large technical risks and unknown factors before they personally practice the behavior.
Individual household characteristics of the respondents included. ①The percentage of farming income. The proportion of farming income reflects the dependence of farmers on pig farming and the degree of specialization, the more dependent the households are on farming income, the more likely they are to adopt green farming technologies with higher benefits. ②The ratio of farming labor. The more the farming labor force, the more the farmers rely on pig farming, but at the same time, since the household labor force has a substitution relationship with technology adoption, the influence of the farming labor force ratio on the adoption of green technology by farmers is uncertain. ③Years of farming. The longer the years of pig farming, the richer the experience0, the more susceptible to traditional thinking and the more accustomed to follow the previous farming model, the less likely the farmers will adopt green farming technology. ④The scale of farming. The larger the scale of the farmer, driven by the scale effect, the more motivated to switch farming mode and more inclined to choose to adopt green farming technology.
External environmental variables include: ①Contract farming participation. Contract farming participation farmers can get timely material support and tool support from contract organizations, and get effective information and technical guidance on green farming technology, so the adoption of green farming technology is higher. ②Group norms. Farming subjects as a member of a specific living environment, members of the surrounding environment have a supervisory and restraining role in their production decision-making behavior, which can lead to the adoption of green pro-environmental behavior of farmers (Xu et al., 2021). ③Social network. In a cognitively limited context, the peer effect of social networks can improve farmers’ ability to obtain information and funds, gain emotional support, and reduce search costs, which are socially critical factors influencing individual decisions. ④Distance from village to livestock station. The more distant villages are generally relatively poor in socioeconomic and informational conditions, and it is difficult to obtain farming-related information. ⑤Neighborhood emulation. Farmers’ new technology adoption behavior decision has a “follow strategy” (Mao et al., 2018), that is, they observe the adoption effect of others before deciding whether they choose to adopt it, and the more opportunities they have to exchange green farming technology with surrounding farmers, the greater the probability of adopting green farming technology.
In addition, the natural resource environment, infrastructure conditions, relevant agricultural policies and market environment in each region will affect the adoption behavior of green breeding technology by farmers, and provincial dummy variables are introduced to control the regional fixed effect. See Table 5 for specific variables and descriptive statistics.
TABLE 5 | Assignment and descriptive statistics of main variables.
[image: Table 5]Model Construction
Two Stage Least Square Method (2SLS)
The degree of adoption of green breeding technology by farmers is a continuous variable calculated by the coefficient of variation method, and the following model is constructed:
[image: image]
In formula (3), [image: image] is the degree of green technology adoption by farmers, [image: image] is the intensity of environmental regulation and its sub-dimensions, [image: image] is the control variable including the characteristics of the household head and family management characteristics, etc.; [image: image] is the constant term, [image: image] is the coefficient of the core explanatory variable, [image: image] is the influence coefficient of the control variable; [image: image] is the random error term. Considering the endogeneity problems caused by environmental regulation measurement errors, the estimation results obtained by directly performing OLS estimation on Equation 3 are unreliable. In order to obtain a more reliable estimation result, the two-stage least square method (2SLS) of instrumental variables is used to estimate Equation 3.
Multivariate Probit Model
Green technology adoption behaviors are not independent, and the three technologies may have complementary or alternative relationships. If a single model is used for step-by-step analysis, it will lead to estimation bias and invalid estimation. The Multivariate Probit (MVP) model allows correlation between multiple decision models, which not only reflects the impact of environmental regulations and their sub-dimensions on the adoption of green technologies by farmers, but also can use the error term correlation coefficient of the regression results of each decision to judge each Substitution or complementarity between technical decision-making behaviors. In order to control the endogenous problems caused by joint decision-making, a ternary probit model is constructed to estimate the farmers’ adoption decisions and related relationships of factor reduction technology ([image: image]), waste harmless treatment technology ([image: image]) and fecal sewage resource utilization technology ([image: image]). The specific model settings are as follows:
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In Equations 4, 5, [image: image] is the binary discrete variable of whether farmers adopt a certain green farming technology; [image: image] is the latent variable that farmers adopt the third technology; [image: image] is the influence including the intensity of environmental regulation and its sub-dimensions Individual characteristics, family characteristics and external environment characteristic variables of farmers’ green technology adoption decision; [image: image] is the estimated coefficient of each variable; if [image: image], it means the farmers adopt the corresponding green farming technology; [image: image] is a random error term, it subjects to a multivariate normal distribution ([image: image]).
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In Equation 6, [image: image] is the connection between the adoption of multiple green breeding technologies by farmers on the non main diagonal. If [image: image], there is a substitution relationship between various technology adoption decisions; On the contrary, there is substitution relationship. If the random error term in each equation is independent and identically distributed and obeys the normal distribution, it shows that the adoption of one green technology by farmers will not affect the adoption of another technology.
Therefore, when farmers are faced with factor input reduction technology, waste harmless treatment technology and fecal sewage resource utilization, depending on one of the three green breeding technologies, the adoption probability can be expressed as [image: image]:
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When farmers are faced with the adoption of two of the three green breeding technologies, the adoption probability can be expressed as [image: image]: 
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When farmers are faced with the adoption of three of the green breeding technologies, the adoption probability can be expressed as:
[image: image]
[image: image] represent the standard normal cumulative distribution functions of one, two and three variables respectively, where represents the correlation coefficient between them.
EMPIRICAL TEST AND RESULT ANALYSIS
Influence of Environmental Regulation Intensity on Farmers’ Adoption of Green Technology
In order to avoid multicollinearity, stepwise regression is adopted to investigate the impact of environmental regulation intensity on the adoption of green technology by farmers. The regression results of the model are shown in Table 6, model 1) ∼ model (3). According to the results of model 1) and model (2), the R2 and F values adjusted by the model gradually increase with the addition of control variables, indicating that the fitting degree and interpretation strength of the model are gradually improving, and the overall simulation effect is good. The OLS estimation results show that the environmental regulation intensity is significantly positive to the adoption of green technology by farmers at the level of 1%, and the adoption of green technology by farmers increases by 34.50% for each unit of environmental regulation intensity. The 2SLS estimation results considering the reverse causal relationship between the intensity of environmental regulation and the adoption of green technology by farmers show that the intensity of environmental regulation has a positive impact on the adoption of green technology by farmers at a significant level of 1%, that is, after the endogenous is eliminated by the instrumental variable method, the conclusion that environmental regulation significantly improves the adoption of green technology by farmers is still valid, and the adoption of green technology by farmers will increase by 27.04% every time the intensity of environmental regulation increases by 1 unit. This is consistent with the indispensable theory of policy environment under the positive externality of green production. The goal of “ensuring supply, safety and ecology” of environmental regulation induces farmers to change to green production mode to comply with the goal of regulation. Hypothesis H1 was tested.
TABLE 6 | Impact of environmental regulation intensity on green technology adoption by farmers.
[image: Table 6]In terms of control variables, the years of education of the household head had a significant contribution to the degree of green technology choice of the farming households. health status of the household head has a significant positive effect on the degree of green technology choice of the farmers. a significant boosting effect of the percentage of farming income on the degree of green technology selection by farmers a significant contribution of the percentage of farming labor to the degree of green technology choice of farmers social network has a significant positive effect on the degree of green technology choice of farmers; distance to livestock station has a significant negative effect on the degree of green technology choice of farmers. Neighborhood emulation has a significant positive effect on the degree of green technology choice of farmers. In addition, the province dummy variable was partially significant, indicating that there were significant regional differences in the degree of farmers’ green technology choice, probably because the effect of farmers’ green technology choice had different performance in different regions.
Influence of Environmental Regulation Dimension on Farmers’ Adoption of Green Technology
The regression results of the impact of environmental regulation on the adoption of green technology by farmers are shown in Table 6, model 4) ∼ model (6). OLS regression results show that mandatory regulation, economic incentive regulation and educational guidance regulation have a significant positive impact on the adoption of green technology by farmers at the statistical level of more than 5%. However, the OLS model does not consider the endogenous problems caused by the reverse causal relationship between the sub dimension of environmental regulation and the degree of green technology adoption of farmers, missing variables or variable measurement deviation. Model 6) is the regression result of instrumental variables. From the regression result of one stage, it can be seen that the village average command mandatory regulation, village average economic incentive regulation and village average education guidance regulation are all significant at more than 10%, indicating that the sub dimension of village average environmental regulation, as the instrumental variable of the sub dimension of environmental regulation, does not have the problem of weak instrumental variables. At the same time, the value of F in the first stage is 32.19, which is greater than the critical value of 16.38 at the 10% level recommended by Andrews and Stock, 2007), indicating that the instrumental variable is reasonable. In addition, from the analysis of exogenous Wald test and DWH test of environmental regulation, it is concluded that environmental regulation has endogeneity in the degree of green technology adoption of farmers, indicating that this endogeneity is the main reason for the bias of OLS estimation results and the change of influence coefficient. Therefore, the regression results are subject to 2SLS regression results.
Table 6 model 6) 2SLS estimation results show that mandatory regulation has a positive impact on the adoption of green technology by farmers at a significant level of 1%. That is to say, after using instrumental variable method to eliminate endogeneity, the conclusion that mandatory regulation significantly improves the technology adoption of farmers is still valid. Moreover, the adoption of green technology by farmers will increase by 3.68% every time the intensity of environmental regulation increases by 1 unit. This is consistent with the research conclusions of Qian and Wang, 2018). Government binding regulation will increase the production cost and punishment risk of farmers. In order to avoid risks, the adoption of green technology by farmers has been improved. Economic incentive regulation has a significant positive impact on the adoption of green technology by farmers at the 1% statistical level. And for every unit of economic incentive regulation, the adoption of green technology by farmers will increase by 6.90%. Incentive regulation includes compensation for green farming, loan support and tax relief. The main reason why farmers are unwilling to adopt green breeding technology is that the environmental improvement they have adopted is shared by others free of charge, and they have not received any compensation. Economic incentive regulation alleviates the cost of green technology adoption by farmers and increases the income of technology adoption through various forms of subsidies and cost reduction. Incentive regulation internalizes the cost of environmental governance to improve the lack of market mechanism and improve the efficiency of resource allocation. Education guided regulation has a significant positive impact on the adoption of green technology by farmers at the statistical level of 5%. And for every unit of education guided regulation, the adoption of green technology by farmers will increase by 7.51%. Educational guidance regulation aims to guide people to form correct ecological and economic values and strengthen people’s awareness of green production through publicity, training and guidance. By improving people’s awareness and understanding of green production, we can promote the adoption of green technology by farmers. The research hypotheses H2, H3 and H4 were verified.
In terms of control variables, in general agreement with the estimated results of the effect of environmental regulation intensity on the degree of green technology choice of farmers, variables such as years of education of the household head, health status of the household head, perception of green production, share of farming income, share of farming labor, social network and neighborhood emulation had significant effects on the degree of green technology choice of farmers.
HETEROGENEITY ANALYSIS
Influence of Environmental Regulation on Green Technology Adoption Bias of Farmers With Different Attributes
Green technology is a technology package composed of multiple technologies. According to different technical attributes, technologies can be divided into different types. Based on the classification method of technical attributes by Mao, 2018), this paper divides green breeding technology into three categories: reduction technology, harmless treatment technology and resource utilization technology. Multivariate probit model is used to test the impact of environmental regulation intensity on the technology adoption bias of farmers with different attributes. The results are shown in Table 8. The correlation coefficients of error terms of reduction technology, harmless treatment technology and resource utilization technology are significantly positive at the statistical level of 1%. This shows that there is a significant positive correlation between the adoption of three green technologies by farmers under unobservable factors. The three technologies are more complementary and synergistic, and farmers are more inclined to adopt a variety of green technologies at the same time.
Models 1) to 3) in Table 7 are the MVP estimation results of the bias of environmental regulation intensity towards the adoption of green technologies with different attributes of farmers. According to the estimation results of the model, the intensity of environmental regulation has a significant positive impact on Farmers’ reduction technology, harmless treatment technology and resource utilization technology. However, from the perspective of marginal effect, the impact of environmental regulation intensity on Farmers’ resource utilization technology is higher than that of harmless treatment technology. And its impact on resource utilization technology and harmless treatment technology is higher than that of reduction technology. Under the circumstance of increasingly strict environmental regulation constraints, farmers mainly alleviate environmental pollution in the process of livestock and poultry breeding by means of resource utilization of fecal sewage and harmless treatment of waste.
TABLE 7 | Effects of different regulation attributes of farmers on the environment.
[image: Table 7]Models 4) to 6) are the biased estimation results of different attributes of green technology adopted by farmers in different dimensions of environmental regulation. Different dimensions of environmental regulation have different preferences for the adoption of green technology with different attributes of farmers. Among them, the impact of mandatory regulation on Farmers’ harmless treatment technology is significantly higher than that on resource utilization technology, but it has the least impact on reduction technology. This may be related to the authority and irrefutability of mandatory regulation. Limited by the risk of punishment, farmers tend to adopt harmless treatment technologies with low cost and less technical uncertainty. The impact of economic incentive regulation on Farmers’ reduction technology is significantly higher than that on resource utilization technology, and higher than that on harmless treatment technology. The possible reason is that the adoption of capital intensive and environment-friendly technologies has high costs and slow benefits. Economic incentive regulation can not only alleviate the cost of farmers’ adoption of this attribute technology, but also improve the income space of farmers and promote the adoption of green technology. The impact of educational guidance regulation on Farmers’ harmless treatment technology is higher than that on resource utilization technology, but it has the least impact on reduction technology. The possible explanation is that there are many educational guidance regulations to improve the farmers’ awareness of green production and promote the adoption of green technology. Compared with reduction technology and resource utilization technology, which are stricter in capital and technology operation, harmless treatment technology belongs to stable capital and simple operation technology. These safe production technologies include harmless treatment technologies such as incineration and burial of dead pigs and other wastes. Under the influence of the government’s educational guidance regulation of “moistening things silently”, farmers tend to adopt harmless treatment technology in order to pursue production safety and “feel at ease".
Impact of Environmental Regulation on Green Technology Adoption by Farmers of Different Scales
China’s livestock and poultry breeding is still dominated by free range farmers and small and medium-sized farms, showing a trend of general part-time, large-scale and professional division of labor (Hu, 2019). Small and medium-sized farmers are often unable to independently purchase or adopt green production machinery and breeding technology due to lack of self-owned funds, limited production scale, technical obstacles and imperfect facilities. Even if some farmers can purchase and use it, it is difficult to give play to the effect of economies of scale (Sun and Liu, 2019). In addition, the ability of information acquisition and policy application is weak, and there are constraints on the production behavior of farmers. These weaknesses reduce the willingness and initiative of farmers for green production. Scale farming can produce economies of scale. Relying on the advantages of economies of scale, farmers can promote the re integration and allocation of capital, labor and other factors in various production links, improve the contribution and synergy of factor input, and promote their technology adoption. In order to test the impact of environmental regulation and its sub dimensions on the adoption of green technology by farmers, taking the mean value of breeding scale as the dividing point, this study divides farmers into “above mean” and “below mean” groups for comparative analysis. The specific results are shown in Table 8.
TABLE 8 | Estimation results of the impact of environmental regulation on the adoption of green technology by farmers of different sizes.
[image: Table 8]According to the estimation results of model 1) and model 3) in Table 8, the intensity of environmental regulation has a significant positive impact on the adoption of green technology by farmers of different sizes. After no correlation test, the p value can be obtained, and its impact on high-scale farmers is more obvious. The high-scale group farmers are more cautious about the adjustment and change of green production decision-making behavior due to the influence of breeding scale. If the external policy environment changes, it will always change its green technology adoption behavior at the first time. However, due to the limitation of capital and scale, the free range farmers households are always in a wait-and-see state to the change of policy environment. Therefore, the intensity of environmental regulation has a more obvious impact on the adoption of green technology by high-scale group farmers.
According to the estimation results of model 2) and model 4) in Table 8, the impact of mandatory regulation on the adoption of green technology by low-scale farmers is more significant. Low scale farmers are generally professional farmers and free range farmers. This part of farmers have higher risk aversion tendency and more obvious response to restrictive regulation. The impact of economic incentive regulation on the adoption of green technology by high-scale farmers is significantly greater than that of low-scale farmers. Economic incentive regulation is non-fixed amount subsidy, and its setting is based on the breeding scale. Only when it reaches a certain breeding scale can it obtain economic incentives and subsidies. This “more work, more pay” economic incentive mechanism for scale operation is more conducive to the adoption of green production behavior by farmers. There is no significant difference in the impact of education guided regulation on the adoption of green technology between high-scale group and low-scale group. The imperceptible role of such government led “top-down” publicity, promotion and training is still the main mode of government promotion.
MAIN CONCLUSIONS AND POLICY RECOMMENDATIONS
Using micro survey data, this paper empirically analyzes the impact of environmental regulation intensity and its sub dimensions on the adoption of green technology by farmers. And further discusses the impact of environmental regulation intensity on the endowment heterogeneity of farmers and the adoption of different attribute technologies. The main conclusions are as follows: first, environmental regulation can significantly improve the adoption of green technology by farmers. Every time the intensity of environmental regulation is increased by one unit, the adoption of green technology by farmers will increase by 27.04%; From the perspective of environmental regulation, mandatory regulation, economic incentive regulation and educational guidance regulation can significantly promote the adoption of green technology by farmers. Second, the intensity of environmental regulation can significantly promote the adoption bias of farmers’ reduction technology, harmless treatment technology and resource utilization technology. The impact intensity of environmental regulation intensity on Farmers’ green technology adoption bias is as follows: resource utilization technology is higher than harmless treatment technology and higher than reduction technology; From the perspective of environmental regulation, mandatory regulation, economic incentive regulation and educational guidance regulation can significantly promote farmers’ reduction technology, harmless treatment technology and resource utilization technology. Third, the intensity of environmental regulation has a significant effect on the adoption of green technology by farmers of different sizes, especially for high-scale farmers. At the same time, the sub dimension of environmental regulation has a significant positive impact on the adoption of green technology by farmers. Among them, the impact of mandatory regulation on the adoption of green technology by low-scale farmers is more obvious; The impact of economic incentive regulation on the adoption of green technology by high-scale farmers is significantly greater than that of low-scale farmers; There is no significant difference in the impact of education guided regulation on the adoption of green technology between high-scale group and low-scale group.
Based on the above research conclusions, this paper draws the following policy enlightenment: first, strengthen the role of environmental regulation policy in the adoption of green technology by farmers. The formulation and implementation of environmental regulation should be integrated with local village regulations and cultural customs according to local conditions, so as to ensure the stability and sustainability of the implementation of environmental regulation policies; At the same time, we should strengthen the publicity and promotion of environmental regulation policies. Improve farmers’ awareness and understanding of environmental regulation. Let environmental regulation become a “household name” policy, so as to strengthen the restrictive, incentive and guiding role of environmental regulation on the adoption of green technology by farmers. Give full play to its role in promoting the transformation of old and new kinetic energy of animal husbandry. Second, encourage farmers to continue to adopt green breeding technology. Green technology adoption is the key to breaking through the constraints of green production transformation of farmers. The promotion and restriction factors affecting the adoption of green technology by farmers should be identified at multiple levels and in an all-round way. Rely on the government to increase the popularization and promotion of the necessity of adopting green technology. Create a green production awareness and environment to mobilize the initiative and enthusiasm of farmers in the adoption of green technology, and improve the durability and stability of farmers’ adoption of green breeding technology. The third is to improve the differential impact of capital endowment heterogeneity on the adoption of green technology by farmers. Establish and improve the three major markets of rural capital, labor and insurance. Through the improvement of factor market, the heterogeneity of farmers’ endowment can be alleviated. Combined with the capital endowment differences of farmers of different sizes, formulate differentiated green breeding technology promotion strategies and support policies. For example, for farmers without endowment constraints, focus on the availability and operability of technology; Reduce the access threshold of green production for farmers; Improve the “disconnection” between farmers’ willingness to adopt green technology and behavior.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Materials, further inquiries can be directed to the corresponding authors.
AUTHOR CONTRIBUTIONS
YL: Data Collection, initial version writing; YT: Data curation, Writing- Reviewing and Editing; HW: Conceptualization, Methodology, supervision.
FUNDING
This study is supported by The Ministry of education of Humanities and Social Science project ( No. 20YJA790089); Natural Science Basic Research Program of Shaanxi (No. 2020JZ-17); Shaanxi Soft Science Project (No. 2021KRM051); Shaanxi Social Science Major Theoretical and Practical Issues Research Project (No. 2021ZD1055).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
REFERENCES
 Abate, G. T., Rashid, S., Borzaga, C., and Getnet, K. (2016). Rural Finance and Agricultural Technology Adoption in Ethiopia: Does the Institutional Design of Lending Organizations Matter?World Development 84, 235–253. doi:10.1016/j.worlddev.2016.03.003
 Andrews, D., and Stock, J. H. (2007). Identification and Inference for Econometric Models[M]. Cambridge University Press. doi:10.1017/CBO9780511614491
 Barnes, A. P., Soto, I., Eory, V., Beck, B., Balafoutis, A., Sánchez, B., et al. (2019). Exploring the Adoption of Precision Agricultural Technologies: a Cross Regional Study of EU Farmers. Land Use Policy 80, 163–174. doi:10.1016/j.landusepol.2018.10.004
 Chen, L., Duan, Y., and Qian, W. (2021). Research on Coupling Coordination of Government Open Data Utilization Behavior Based on Coefficient of Variation Method. J. J. Inf. resource Manag. 11 (02), 109–118. 
 Fen, Li., Junbiao, Z., and Ke, H. (2019). Impact of Informal Institutions and Environmental Regulations on Farmers’ green Production Behavior: Based on Survey Data of 1105 Households in Hubei Province. [J]Resources Sci. 41 (07), 1227–1239. 
 Ge, J., Wei, Si., and Meng, T. (2021). Study on the Influence Mechanism of Environmental Regulation on enterprise Profit Margin -- Based on the Micro Data of Sugar Factory in Guangxi Zhuang Autonomous Region. J. Management Rev. 33 (08), 66–77. 
 Haghjou, M., Hayati, B., and Choleki, D. M. (2014). Identification of Factors Affecting Adoption of Soil Conservation Practices by Some Rainfed Farmers in Iran[J]. J. Agric. Sci. Technology 16 (5), 957–967. 
 Han, Li., Zhao, M., and Lu, Q. (2021a). Has the Livestock and Poultry Prohibition Zone Policy Reduced the Production Capacity of Pigs in China -- an Empirical Analysis Based on County Panel Data. J. Agric. Econ. Issues (08), 12–27. 
 Han, S., Jia, Xu., and Wang, Y. (2021b). The Impacts of Farmers’ Perceived Benefits on green Fertilization Behaviors under Environmental Regulations. J]Research Agric. Modernization 42 (05), 880–888. 
 Hou, L., Chen, X., Kuhn, L., and Huang, J. (2019). The Effectiveness of Regulations and Technologies on Sustainable Use of Crop Residue in Northeast China. Energ. Econ. 81, 519–527. doi:10.1016/j.eneco.2019.04.015
 Hu, W. (2019). Zhang Jinhua, Chen Zhaojiu Small Farmers and Large-Scale Production: Agricultural Land Scale and Agricultural Capitalization——Taking Agricultural machinery operation service as an example. [J] Agric. Technol. economy (06), 82–96. 
 Huang, Z. H., Zhong, Y. Q., and Wang, X. L. (2016). Study on the impacts of government policy on farmers’pesticide application behavior. J. China Population, Resour. Environ. 26 (8), 148–155. 
 Jacquet, F., Butault, J.-P., and Guichard, L. (2011). An economic analysis of the possibility of reducing pesticides in French field crops. Ecol. Econ. 70 (9), 1638–1648. doi:10.1016/j.ecolecon.2011.04.003
 Kolady, D. E., Van der Sluis, E., Uddin, M. M., and Deutz, A. P. (2021). Determinants of adoption and adoption intensity of precision agriculture technologies: Evidence from South Dakota. Precision Agric. 22 (3), 689–710. doi:10.1007/s11119-020-09750-2
 Li, X. (2019). Financial Strategy Choice for Solving the Financing Dilemma of Pig Breeding. Beijing, China: University of international business and economics. 
 Man, M. J., Zhou, M. L., and Li, T. S. (2010). An analysis of the differences in farmers' households' behaviours of adoption of agricultural technology with different natures- based on survey to Shaanxi Province, Gansu Province and Ningxia Hui Autonomous Region[J]. Chin. Rural Economy (2), 68–78. 
 Mao, H. (2018). Research on Farmers' Technology Adoption Behavior from the Perspective of Contract Agriculture [D]. Nanjing, China: Nanjing Agricultural University. 
 Mao, H., Zhou, Li., and Ying, R. (2018). Farmers’ Risk Preferences and Their Technology Adoption Behavior: An,Examination from the Perspective of Contract Farming. J. Chin. Rural Economy (04), 74–89. 
 Mei, L. L., Liu, Z., and Qiang, D. (2018). Psychological cognition of pollution prevention of family-oriented scale pig breeders and environmental regulation influence effects. [J]Chinese J. Eco-Agriculture 26 (01), 156–166. 
 Moser, R., Pertot, I., Elad, Y., and Raffaelli, R. (2008). Farmers' attitudes toward the use of biocontrol agents in IPM strawberry production in three countries. Biol. Control. 47 (2), 125–132. doi:10.1016/j.biocontrol.2008.07.012
 Mueller, W. (2013). The effectiveness of recycling policy options: waste diversion or just diversions?Waste Management 33 (3), 508–518. doi:10.1016/j.wasman.2012.12.007
 Qian, Li., and Wang, Y. (2018). The choice of government behavior in the resource utilization of livestock and poultry waste -- incentive or Punishment. J. Rural Economy (09), 55–61. 
 Qiu, H., Fang, S. L., and Zhang, Yi. (2020). Risk Preference, Risk Perception and Farmers’Adoption of Conservation Tillage. [J] Chin. Rural Economy (07), 59–79. 
 Si, R., Lu, Q., and Zhang, S. (2020). Impact of environmental regulation on Farmers' resource treatment behavior of sick and dead pigs -- Based on the survey data of Hebei, Henan and Hubei. [J] Agric. Technol. economy (07), 47–60. doi:10.1177/0734242X19878496
 Sun, H., Edziah, B. K., Kporsu, A. K., Sarkodie, S. A., and Taghizadeh-Hesary, F. (2021a). Energy efficiency: The role of technological innovation and knowledge spillover. Technol. Forecast. Soc. Change 167, 120659. doi:10.1016/j.techfore.2021.120659
 Sun, H., Edziah, B. K., Sun, C., and Kporsu, A. K. (2021b). Institutional quality and its spatial spillover effects on energy efficiency. Socio-Economic Plann. Sci. , 101023. doi:10.1016/j.seps.2021.101023
 Sun, X., and Liu, Y. (2019). Can land trusteeship drive farmers' green production?[J]. China Rural Economy (10), 60–80. 
 Tian, C., and Chen, Y. U. (2021). Calculation and evaluation of China's inter provincial agricultural carbon emission level based on SIS. [J] J. Nat. Resour. 36 (02), 395–410. doi:10.31497/zrzyxb.20210210
 Wei, Li. B., and Xu, X. (2017). Social networks, information flows and farmers' adoption of new technologies - A re-test of Granovetter's weak relationship hypothesis. [J]Journal Agrotechnical Econ. (12), 98–109. 
 Xiao, J., Chen, z., and Liu, Fei. (2020). Will participating in e-commerce promote the adoption of green production technology by Kiwi growers—— Counterfactual estimation based on propensity score matching. J. China Rural Economy (03), 118–135. 
 Xu, Li., Jin, W., and Chen, Ke. (2021). Breeding scale external restrictions and pig farmers’pro environmental behavior. [J] J. Arid Land Resour. Environ. 35 (04), 46–53. 
 Xu, Z. G., Zhang, J. Y., and Lv, K. Y. (2018). The scale of operation, term of land ownership and the adoption of inter- temporal agricultural technology: An example of“straw return to soil directly”[J]. China Rural Economy (3), 61–74. 
 Yin, X. (2019). Policies and practical examples of green transformation and development of animal husbandry in China. J. Chongqing Soc. Sci. (03), 18–30. 
 Yu, L., Zhang, W., and Xi, B. (2019). Research on the forced effect of environmental tax on enterprise green transformation. J. China Population, Resources Environment 29 (07), 112–120. 
 Zhang, Y., hong, Z., and Xiang, M. (2015). Study on the Influence of Family Endowments on the Environmental Behavior of Massive Pig Farmers Under the Situation of Ecological Compensation Policy: Based on the Survey of 248 Massive Pig Farmers in Hubei Province. [J] Issues Agric. Economy 36 (06), 82–91+112. 
 Zhang, Yu. (2016). An Empirical Study on the Relationship between Environmental Risk Perception. Wuhan, Hubei: environmental regulation and environmental behavior [D] Huazhong Agricultural University. 
 Zheng, C., Bluemling, B., Liu, Y., Mol, A. P. J., and Chen, J. (2014). Managing Manure from China's Pigs and Poultry: The Influence of Ecological Rationality. Ambio 43 (5), 661–672. doi:10.1007/s13280-013-0438-y
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Lu, Tan and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 25 April 2022
doi: 10.3389/fenvs.2022.896385


[image: image2]
Part-Time Farming, Diseases and Pest Control Delay and Its External Influence on Pesticide Use in China’s Rice Production
Chenliang Fang1, Yongqin Xu1 and Yueqing Ji1,2*
1College of Economics and Management, Nanjing Agricultural University, Nanjing, China
2College of Food Science and Engineering, Nanjing University of Finance and Economics/Collaborative Innovation Center for Modern Grain Circulation and Safety, Nanjing, China
Edited by:
Huaping Sun, Jiangsu University, China
Reviewed by:
Karmini Karmini, Mulawarman University, Indonesia
Hua Lu, Jiangxi University of Finance and Economics, China
Zhen Liu, Nanjing Normal University, China
* Correspondence: Yueqing Ji, jyq@njau.edu.cn
Specialty section: This article was submitted to Environmental Economics and Management, a section of the journal Frontiers in Environmental Science
Received: 15 March 2022
Accepted: 28 March 2022
Published: 25 April 2022
Citation: Fang C, Xu Y and Ji Y (2022) Part-Time Farming, Diseases and Pest Control Delay and Its External Influence on Pesticide Use in China’s Rice Production. Front. Environ. Sci. 10:896385. doi: 10.3389/fenvs.2022.896385

The highly intensive use of pesticide is a big threat to environmental sustainability in China. This study explains the increase of rice pesticide use in China’s rapid urbanization process from the perspective of changes in the delay of pest control. Based on multi-stage random sampling, 20 villages of five counties in central Jiangsu were selected, and the production data of 430 paddy fields were surveyed. Logit model results show that living outside village of agricultural labors will increase the probability of delay in control of diseases and pest, while the increase of farm size and the development of outsourcing services and public monitoring and forecasting services will help reduce the probability of delay. The OLS model results show that the delay in rice diseases and pest control has negative externalities. The delays of other farmers in the village will significantly increase the frequency of pesticide use. These results highlight important policy implications for the development of large-scale farming to substitute part-time farming and the development of diseases and pest control services.
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INTRODUCTION
The intensity of China’s pesticide use is among the highest in the world. The high-intensity use of pesticides has played an indelible role in controlling diseases, pests and weeds and maintaining the supply of agricultural products, but at the same time, it has brought about problems such as increased production costs, unsafety of food with excessive residues, crop phytotoxicity, and environmental pollution. As people value food safety, environmental protection and sustainability more highly, the high-intensity use of pesticides has become a hot issue. To control pesticide use, the Ministry of Agriculture in 2015 formulated the policy of “Zero Growth in Pesticide Use by 2020”. Although the policy goal was achieved as soon as it was put forward, the intensity of pesticide use is still at high level and the reduction of pesticide use are still of importance.
Wheat, rice and corn are the three largest grain crops in China. In terms of pesticide use, the most noteworthy crop is rice. On one hand the rice is staple food, on the other hand its pesticide expenses per mu is three times that of wheat and corn (as shown in Figure 1). The reason why rice use so much more pesticide is mainly related to the severe migratory pests, such as rice planthoppers. In addition to the greater intensity, the trend of pesticide use of rice is also different from that of wheat and corn. Compared with wheat and corn, which have been steadily increasing in pesticide expenses, the pesticide expenses per mu of rice increased rapidly from 2002 to 2008 and increased oscillatorily from 2008 to 2012 but did not increase significantly after 2012. Then, how to explain the different trends of pesticide use for rice? And what does it mean for the reduction of pesticide use?
[image: Figure 1]FIGURE 1 | Input of pesticide cost per mu for three main grain crops in China (2000–2016). Note: The original pesticide cost per mu data come from the yearbook of agricultural cost survey. The data reported in the figure has been deflated according to the price indices to the price in 2000. The price indices are the “price indices of pesticide and related equipment” from the China Statistical Yearbook.
The long-term increasing trend of pesticide use intensity in agricultural production is mainly explained by the existing literature from the aspects of environmental changes that are conducive to the outbreak of pests and weeds (such as climate warming), increased resistance to pests and weeds, and the decline of pesticide toxicity based on food safety considerations (Zhang, 2010; Hu et al., 2013). There is no research that reveals the different trends for rice in Figure 1. The main difference between rice and wheat or corn is that it faces more serious infectious pests. The unique trend may also be rooted in transmissible pests and their control.
Similar to the COVID-19 that humans are facing, expense on pesticides for pest control are related to the severity of pests and diseases, and the severity is related to the control behavior. Ji et al. (2015) and Chen et al. (2017) explained the increase of pesticide use from the perspective of farmers’ part-time employment. They suggested that the agricultural labor engaged in off-farm activities could not flexibly arrange time for pest control, and the pattern of “simultaneous control” through “following the others” and accepting the guidance of the agricultural estension department has been broken, resulting in the cross-repetition of plant diseases and insect pests and the increase in the use of pesticides. The same trend in the increase of pesticide use and agricultural wages from 2002 to 2007 (as shown in Figure 2) seem to support the hypothesis of Ji et al. (2015) and Chen et al. (2017). Before 2002, there was still a large amount of surplus labor in rural China. So, the rapid increase of off-farm employment did not threaten the control of diseases and pests in that time. When it comes to 2003, the “shortage of migrant workers” in the southeast coastal areas shows that the surplus rural labor has been run out. And the wage of hired labors in the agricultural sector has also begun to rise rapidly. Due to labor shortages and delayed control, some farms turn out to be a natural shelter for migratory pests, which eventually leads to cross-repetition and frequent outbreak of pests, resulting in a rapid increase in pesticide per mu. However, after 2007, the pesticide use no longer increased with wages (as shown in Figure 2). This may be due to the rapid development of land transfer and the increase of large-scale farms. In other links in production chains, such as sowing and harvesting, large-scale farms are often faced with the risk of delays due to the bottleneck constraints of the family labor supply or regional labor supply. However, the amount of labor required for pest control is very limited. For large-scale farms, by using appropriate machinery or supplemented by readily available employed workers they are likely to be able to control pests on time. The delay in pest control may mainly occur in part-time farming smallholders who leave village during the pest control season. The substitution of large-scale farming to part-time farming or the emergence of outsourcing services of pest control may alleviate the threaten of labor migration on the delay of pest control.
[image: Figure 2]FIGURE 2 | Changes in land transfer, labor price and application intensity of rice in China (2000–2016). Note: The data of pesticide fee and wages are from the yearbook of agricultural cost survey. The data reported in the figure has been deflated. The deflation method of pesticide is the same as that in Figure 1. The wages of employees are deflated by the consumer price index of rural residents in the China Statistical Yearbook. The land transfer area data are from the statistical annual report of China’s rural business and management. 
Based the above discussion, the specific question to answer in this study is as follows: for the rice production which face serious migratory pests, will the control delay have a negative external impact on the surrounding farmers and make them use pesticide more times? What are the causes of farmers’ delays in control? In particular, how did the part-time farming large-scale farming and the development of control services affect the occurrence of delays in control?
The existing economic research on pest control mainly focuses on the amount of pesticide use decision, which is considered to face the trade-offs between economy, health, environment and market risk (Galt, 2007). The factors affecting pesticide input include the personal characteristics of decision-makers (Doss and Morris, 2000; Isin and Yildrim, 2007; Ngowi et al., 2007; Wang et al., 2017), historical habits (Wilson and Tisdell, 2001), risk attitude and insurance (Paudel et al., 2000; Zhong et al., 2007; Huang et al., 2008; Bakker et al., 2021), farm size (Luo, 2020; Zhang, 2020; Zhu and Wang, 2021; Gao et al., 2021), information (Babu et al., 2012; Shahini et al., 2017), government policies and intensive land use (Templeton and Jamora, 2010; Riwthong et al., 2015; Femenia and Letort, 2016; Lamichhane and Ram, 2017; Migheli, 2017; Sun et al., 2021), technological progress (Lescourret, 2016), Household income and organization (Dasgupta et al., 2007; De Brauw and Rozelle, 2008; Kirezieva et al., 2016), natural conditions (Saphores, 2000; Dasgupta et al., 2007; Andert et al., 2015), participation in contract agriculture, cooperatives and public control service (Rahman, 2003; Hamilton and Sidebottom, 2011; Ying and Xu, 2014; Zhao et al., 2018; Lu, 2021). There are few studies on the delay of pesticide application in pest control, especially its negative externalities. Chen et al. (2017) discussed the relationship between service outsourcing and delays in crop pest control. Ji et al. (2015) found that the employment time of their own household labor will reduce the pesticide input, while the employment time of other households in the region will increase the pesticide input, and speculated that the former represents delay and the latter represents the negative externality of delay. Similarly, Shi et al. (2011) and Chen et al. (2017) found that nonagricultural and part-time employment will increase the asynchrony of pesticide application in villages and the intensity of pesticide use in rice production. Although the above studies had useful discussions and empirical analysis, there is still a lack of direct testing on the negative externality of pest control delay. The discussion on the causes of pest control delay mainly focuses on nonagricultural and outsourcing services, while discussions on scale farms are still relatively few.
In summary, the delay of rice pest control deserves special attention for the following reasons: First, for other links of production chains the delay only affects the farmers’ own costs and benefits, but the delay in the control of infectious diseases and pests may also increase the costs of surrounding farmers. Public governance is needed to correct this negative externality. Second, rice is more threatened by infectious diseases and transmissible pests, and the intensity of pesticide use is higher. Reducing pesticide use is more important for protecting the ecological environment and improving the quality of rice. Third, although the existing research has had useful discussions on the causes of delays in the control of rice diseases, insect pests and their external influences, there is still room for improvement in theoretical discussions and empirical design.
This study intends to analyze the occurrence of delay in rice pest control and examine the impact of control delay of surrounding farmers on the frequency of pesticide use. To realize health-oriented agricultural production, the pollution-related agricultural inputs should be strictly restricted. The value of this study is investigating the pest control behavior of farmers from the new perspective of “time” and explaining the unique trend of pesticide use in China’s rice production to providing new insights for policy making. The rest of this paper is arranged as follows: the second part is the theoretical analysis and model setting, the third part is the data source and descriptive statistics, the fourth part is the empirical results and discussion, and the last part is the conclusion and policy recommendations.
THEORETICAL FRAMEWORK AND EMPIRICAL MODELS
Theoretical Framework

(1) Farm size, labor transfer and the delay of farm production
Although the farm size in China is very small, seasonal labor shortages and farming time delays have also widely existed in the farming, planting and harvesting chains of agricultural production in the multi crop planting mode. Examples of this occur during the busy summer season in the rice–wheat cropping areas, the “three-grabbing” phenomenon of rushing to harvest wheat, rushing for planting and rushing to manage rice planting; and the phenomenon of having to harvest wheat in advance or delay rice planting and adjust planting structure due to “overwhelming busyness”. The transfer of rural labor will obviously aggravate the seasonal labor shortage and bring about delays in farming time. However, in general, the progress of mechanical technology and the development of the outsourcing market in the past three or 4 decades have solved or alleviated the problem of farming time delays for small households under the existing varieties and planting systems in most areas. At present, delays in farming, planting, and harvesting stages mainly occur in the production of large growers. To reduce production costs, these large growers tend to strategically choose to stagger the planting time with small households to obtain low-cost hired labor or choose to use self-purchased large machinery for a longer time instead of employing multiple machines.
Planting and harvesting chains with intensive labor demand, large quantity and fixed season, with outbreak time of diseases and pests, especially disseminated pests, is random and different from farming. Accordingly, it is necessary to carry out daily investigation and rapid control when a disaster or omen is found. The amount of labor required to perform a single survey or spraying of pesticides is relatively small. For ordinary pure farmers, farming time delays rarely occur in the chain of pest control. Part of the family’s labor is engaged in nonagricultural employment, which often does not hinder ordinary small households’ pest control, as long as full-time labor engaged in agricultural farms is sufficient for pest control. Even some households in which all laborers are engaged in busy nonagricultural work locally, they can still carry out pest control in time with the help of neighbors or agricultural technology departments. Control delays may mainly occur in households in which all agricultural laborers live outside. With the development of labor transfer and urbanization, there are some agricultural operators who have lived in towns for a long time (for reasons such as work or taking care of their families). They mainly return home in fixed busy farming seasons, and they mainly live in towns in idle farming seasons. The separation of living places and agricultural production sites reduces the quality of operation and management. Farmers are unable to carry out high-frequency daily monitoring of the occurrence and development of diseases and pests, or they are unable to carry out control work in time when receiving a control notice due to insufficient flexibility of time arrangement. The development of labor transfer and living outside village highlights the importance of outsourcing services. The public monitoring and forecasting services can replace the daily survey work of farmers, and the market-oriented outsourcing service can further replace the pesticide spraying work of farmers, all of which help reduce the occurrence of delays in control.
The expansion of farm size can increase the total income of farmers from timely control of diseases and pests, but the total cost of daily survey will not increase linearly with the farm size (the labor input for a survey of 100 mu land will not be several times more than that of 10 mu land). Therefore, large-scale households may pay attention more frequently to the occurrence and development of pests and diseases and actively search for early warning information issued by the agricultural technology department on pests and diseases to start control work in a more timely manner. When using the same tools and equipment, the working time of spraying pesticides is related to the farm size. During the intensive outbreak of diseases and insect pests, large-scale farmers may also face seasonal shortages of family labor and delays in farming time due to “overwhelming busyness”. However, compared with other chains, the amount of labor required to spray pesticides is very small, and there are many tools and equipment with different operating capabilities to choose from (such as traditional backhand pressure sprayers, motorized sprayers, self-propelled boom sprayers and plant protection aircraft). On the other hand, large-scale households can use the surplus labor of other small households or use the machinery services provided by professional plant protection organizations, to also complete the control work in time or even in more timely manner than small households.
Based on the above analysis of the characteristics of pest control investigation and pesticide application, this paper puts forward the following hypothesis about the delay of pest control: 1. Living outside village of labors will increase the delay, and the development of large-scale farms and pest control services will reduce the delay.
The theoretical analysis is shown in Figure 3:
(2) Analysis of the delay of pest control and its effect on pesticide use
[image: Figure 3]FIGURE 3 | Analysis framework of pest control delay under the background of labor migration.
The total amount of pesticides applied by farmers per mu of land closely related to the frequency of pesticide application, and the frequency of pesticide application is closely related to the occurrence and development of diseases, insects and weeds. As the two major chemical inputs in agricultural production, pesticides and fertilizers are often analyzed by researchers under the same conceptual framework. However, there are great differences in investment decisions between pesticides and fertilizers. Farmers’ fertilizer input decision-making has stronger initiative, and they can even “apply fertilizer in advance” and use “less times but more quantity”; that is, to ensure that crops have sufficient fertilizer supply at all stages, farmers must double the amount of fertilizer each time and increase the total amount of fertilizer when reducing the times of fertilization (Ji et al., 2016). In contrast, farmers’ pesticide input belongs to passive decision-making, and the total pesticide demand of crops and the timing of pesticides application are uncertain, so it is technically difficult to use them “in advance”: on the one hand, the efficacy of pesticides, especially the highly respected low toxicity and high degradation pesticides, generally lasts for a short time; on the other hand, the newly grown young stems and leaves need to be protected, and pests will seriously affect the growth and yield of crops. Therefore, the total pesticide demand of crops mainly depends on the occurrence and development of diseases, pests and weeds. The more plant diseases, pests and weeds occur, the more times that they need to be prevented and controlled, and the greater the amount of pesticides used. Based on this, the following theoretical discussion and empirical analysis will focus on the frequency of application rather than the amount of pesticide use that is difficult to measure. The relationship between pesticide application delay and the frequency of pesticide application by farmers is mainly described by the following three aspects.
First, the delay in the control of disseminated pests has a negative external impact, which will increase the occurrence times of pests and the pesticide application frequency of other farmers in adjacent plots. This is because the delayed application of the rice field is a refuge for the transmission of pests, and the second migration will occur when the efficacy of the applied rice field disappears. Therefore, when the pest control of other farmers in adjacent plots is delayed, the application frequency of farmers will be increased.
Second, when the number of occurrences of diseases and insect pests is the same, the factors that increase the delay in control often have the effect of reducing the number of pesticides’ applications. For example, when agricultural operators cannot detect and control diseases and pests in time due to living outside, farmers also reduce the frequency of pesticide application accordingly. The development of large-scale farms and social services enable farmers to obtain the information about diseases and pests in time and control them in time, which will increase pesticide application accordingly.
Finally, other related factors may also affect the frequency of application by affecting the control effect. The frequency of application is related not only to the occurrence of diseases and pests but also to the control effect. A poor control effect will increase the follow-up control frequency. The control effect mainly depends on three factors: 1) Control timing. The factors that increase control delay may also increase the frequency of application by reducing the control effect. 2) Pesticide selection. The development of resistance to plant diseases, insects and weeds means that the types of pesticides used need to be updated constantly. Farmers with relatively small scale spend a high price gaining new pesticide selection knowledge and often face uneconomical problems. Large-scale farms and the notification of pesticide types by agricultural technology departments can improve the control effect and reduce the frequency of application. 3) Operation quality. Operation quality is related not only to the tools and equipment used but also to the personnel performing the operations. In case of the former, large-scale farms and the development of outsourcing services will promote the substitution of large-sized plant protection machinery for hand tools; in case of the latter, it is generally believed that compared with domestic labor, employment has a tendency to reduce the quality of work (Sun et al., 2019).
The direct effect of living outside makes farmers miss control and reduce the frequency of pesticide application, but it may also increase the difficulty and frequency of follow-up control due to missing the best time of control. As an alternative to self-treatment, outsourcing services is expected to play the opposite role of living outside. The development of public monitoring and forecasting services can prevent farmers from missing control due to failure to detect the disaster and increase the number of control, but it is more likely to improve the control effect to reduce the frequency of application.
Based on the above analysis of delay and pesticide application frequency of farmers, this paper puts forward Hypothesis 2 (2a) the delay of other households in the village has a negative externality of increasing pesticide application frequency of farmers (2b) living outside village of labors and outsourcing services have the opposite impact on the frequency of pesticide application; and (2c) public monitoring and forecasting services can improve the control effect and reduce the frequency of control.
Empirical Models

(1) Delay in pest control model
Based on the analysis of labor characteristics in disease and pest control, this paper constructs a logit model to test the influencing factors of rice disease and pest control delay. The model is set as follows:
[image: image]
The selection of model variables and the construction of indicators are described below.
The explanatory variable [image: image] represents whether there is a “farming time” delay in rice pest control, which is based on the self-evaluation of farmers. This is the overall evaluation of the timeliness of rice pest control in the current season after rice harvest.
The key explanatory variable [image: image] is the main agricultural labor residence of the household. Considering that many rice pests (such as brown planthoppers and rice leaf rollers) are migratory, it is difficult to accurately predict their migration path and population growth (China Society of Plant Protection, 2015). Even if there is pest prediction information and pesticide application time reminders from the Agricultural Plant Protection Department, it is still necessary for farmers to observe the changes in the number of pests in the field and apply pesticides in time. Since the amount of labor required for a single survey or pesticide spraying task is relatively small, local nonagricultural employment may have little impact on control, so the main analysis is the impact of living outside. The residential areas of farmer households are divided into three types: all living in the village, some living outside the village and all living outside the village. The key explanatory variable [image: image] is the availability of outsourcing services in the village, which is measured by whether there is an outsourcing service provider in the village, and [image: image] is the availability of public monitoring and forecasting services, which is measured by whether the pest control information is given by the Agricultural Technology Department through door-to-door leaflets or village broadcast. In addition, the key explanatory variable [image: image] is the paddy field area of the household, which is used to analyze the impact of large-scale farms on pest control.
The control variables [image: image] are mainly labor characteristics and the holding of control machinery. The labor characteristics include the number of agricultural laborers, the number of agricultural laborers who have participated in training, whether all agricultural workers are women (feminization), whether they are all elderly people over 60 (aging), and the number of laborers who participate in nonagricultural employment full-time.
(2) Pesticide use model
Based on the above analysis of the externality of delay in the control of spreading diseases and insect pests and the number of pesticides’ applications by farmers, this paper constructs an OLS model to test the influencing factors of the number of farmers’ pesticide applications. The model is set as follows:
[image: image]
The selection of model variables and the construction of indicators are described below.
The explained variable [image: image] is the total number of pesticides’ applications in rice production. Accurate pesticide application frequency in the sample rice field were obtained through multiple surveys. The key explanatory variable [image: image] is the proportion of disease and pest control delay in other interviewed households in the village, which is used to analyze the negative external impact caused by control delay in other households. In addition, during the investigation, a small number of rice growers included in the interview list were unable to obtain their control delay information, but they also had the possibility of control delay. Therefore, the proportion of rice growers who were interviewed but had not been visited was also put into the model for analysis. The selection of other variables in the model is the same as the control delay model.
According to the setting and analysis of the above two models, the selection and definition of variables in the empirical model are shown in the Table 1.
TABLE 1 | variable definition.
[image: Table 1]DATA AND DESCRIPTIVE STATISTICS
Data Source
The data used in this paper are based on a 2016 survey in the central Jiangsu of China. Jiangsu is one of the major rice producers, accounting for 9.38% of China’s total rice output in 2015, ranking fourth in all provinces. The data cover the population and employment, the use of land, detailed production information of sample paddy fields, etc. A total of 447 questionnaires were collected, and 430 valid samples were obtained by excluding the missing samples of the explained variables of the application frequency and the delay of pest control.
Five adjacent counties located in the central Jiangsu with similar temperatures, precipitation and altitudes are selected, namely Dafeng, Dongtai, Xinghua, Gaoyou and Baoying. Four villages were randomly selected from each county, and then a paddy field was randomly selected from each village. Pest control behaviors of all farmers in that paddy field were investigated. To accurately record the time information of each pest control in the sample paddy field, five visits were conducted from sowing to harvest, with an interval of approximately 1 month. The variable of the number of applications is the sum of the number of applications in each survey. The variable representing delay in pest control is based on the subjective evaluation of farmers in the last survey in 2016.
Data Description Statistics
Table 2 reports the descriptive statistical results of the overall survey data. It can be seen from the table that the average number of applications is 5.99, the minimum value is 1 and the maximum value is 12. On the one hand, there are great differences in application behavior among farmers with different characteristics. On the other hand, because this survey is a follow-up survey for five consecutive months, the maximum value may be caused by survey errors. The average proportion of delays of other households in the village is 0.15, and the average value of the “farming time” delay variable of pest control is 0.2, indicating that 20% of farmers had experience of delay in pest control, and the delay of pest control cannot be ignored.
TABLE 2 | variable description statistics.
[image: Table 2]There were as many as 18 villages with public monitoring and forecasting services in 20 villages in the central Jiangsu of China during the data survey period, which basically achieved coverage from the perspective of the availability of services. However, there are still major deficiencies in the development of outsourcing services. Only 31% of the respondents answered that the village can hire corresponding services.
Among the 430 households, there were 50 households in which all agricultural laborers lived outside the village, accounting for 11.63%, and 48 households in which some laborers lived outside the village, accounting for 11.16%, which covers the perspective of the type of farmer. Although the agricultural laborers of the surveyed farmers are still mainly living in villages, the separation of residences and agricultural production places cannot be ignored. The proportion of female households is 14% and that of elderly households is 59%, indicating that the aging trend of agricultural labor is more obvious at the current stage. The average number of agricultural laborers participating in agricultural training is 0.18, indicating that the current development of agricultural training is still not very satisfactory.
MODEL RESULTS AND DISCUSSION
Basic Regression
Table 3 shows the basic regression results of the analysis model of influencing factors of farmers’ delay in pest control and the analysis model of influencing factors of farmers’ application frequency. The specific analysis is as follows.
(1) Empirical results of pest control delay
TABLE 3 | benchmark model regression results.
[image: Table 3]The key explanatory variable of all the agricultural labor of the household living outside the village has a significant positive impact on the delay of rice pest control, which indicates that living outside the village will increase the delay of rice pest control, but it will have a significant impact only when all the agricultural labor live outside the village. There are two reasons for this: first, the households with all laborers living outside the village are unable to observe the occurrence and development of rice diseases and pests in time, or even if they know the diseases and pests, they cannot go home in time for treatment; second, the amount of labor required for a single survey or pesticide spraying task is relatively small. As long as full-time labors engaged in agricultural production are retained, it is sufficient to be competent for pest control.
The key explanatory variables of the village having outsourcing service providers, and public monitoring and forecasting services have a significantly negative impact at the level of 1% on the delay of rice pest control, which indicates that the development of services (private service and public management service) helps to reduce the adverse impact of labor migration on rice pest control. The quantitative constraint of labor on the timeliness of rice pest control is alleviated by developing outsourcing services, and the information constraint of field observation on the timeliness of rice pest control is solved by providing public monitoring and forecasting services.
The key explanatory variable of paddy field area has a significantly negative impact at the level of 1% on the delay of rice pest control, which indicates that for large-scale farmers, the benefit of timely pest control is higher than the cost, and the farmers are more motivated to timely control pests. Therefore, the expansion of the farm size helps to reduce the delay of pests control, which is consistent with the results of theoretical analysis.
In summary, living outside village of labors will increase delays, and the development of large-scale farms and services is conducive to reducing delays; that is, Hypothesis 1 is established. In addition, in terms of control variables, aging significantly increases the possibility of delay in rice pest control at the statistical level of 10%.
(2) Empirical results of farmers’ pesticide application use
The key explanatory variable of the proportion of delay in pest control of other households in the village has a significant positive impact at the level of 1% on the number of farmers’ pesticide application, which indicates that the control of rice diseases and insect pests is not a matter for individual farmers, and the delay of pest control has significant negative externalities. When the control of diseases and insect pests in a paddy field is insufficient, it will become a shelter for infectious diseases and insect pests. When the efficacy of pesticides disappear, diseases and pests will secondarily infect or migrate to the paddy fields, which will increase the frequency of pests and diseases and the frequency of pesticide application of other farmers in adjacent plots.
The variable of part of the agricultural labor living outside the village has a significantly positive impact at the level of 5% on the pesticide application frequency, but the impact of all the agricultural labor living outside the village on the pesticide application frequency of farmers is not significant. The reason is that compared with the farmers whose main agricultural labor all live in the village, the farmers whose main labor all live outside the village may reduce the application frequency due to missing control, while they may also increase frequency of follow-up control due to missing the best control time. The key explanatory variable of whether there are outsourcing service providers in the village has a significant positive impact on the number of pesticides’ applications. As an alternative to self-control, the outsourcing services can alleviate the adverse impact of agricultural labor living outside on farmers’ pest control.
The variable of paddy field area have a negative effect on the frequency of pesticide application, which was not statistically significant, but the negative coefficient indicates that the average frequency of pesticide application of large-scale farmers was less than that of small-scale farmers. Therefore, the increased scale of operations helps to reduce the number of applications and the use of pesticides.
The variable of public monitoring and forecasting services have a significant negative effect on the frequency of pesticide application, which shows that public monitoring and forecasting services have the effect of improving the effectiveness of control and reducing the frequency of control. In terms of control variables, the variables of the household with pesticide spraying machinery, the number of agricultural labor force and feminization have a significant positive effect on the frequency of pesticide application.
Robustness Test
To further verify the reliability of the regression results, this paper conducted a robustness test on the times of pesticide use and pest control delay.
Taking into account the actual investigation process, the application frequency may be missed due to multiple investigations. This paper eliminates farmers with application frequency less than 3 times and runs regression of Model 1) again. At the same time, the delay degree of rice pest control is used to replace whether rice pest control is delayed or not. The delay degree is divided into four grades: “1. No; 2. Slight; 3. General; 4 serious”. The regression results are shown in Table 4. The regression results in Table 4 and Table 3 are basically consistent, which shows that the regression results in this paper are relatively robust. From Table 4, we can see that in the model of pesticide application frequency, the coefficient and significance of the key explanatory variables are basically consistent with the regression results in Table 3. Compared with the whole sample, after excluding the farmers whose application frequency is less than 3 times, the variable of the proportion of households that should be visited but not visited in the village has a significant positive impact on the farmers’ application times. In the model of factors of delay in disease and pest control, the coefficients and significance of the key explanatory variables are also basically consistent with the regression results in Table 3.
TABLE 4 | regression results of model robustness test.
[image: Table 4]CONCLUSION AND POLICY RECOMMENDATIONS
Based on the survey data of micro farmers in 20 villages of five counties in the central Jiangsu of China in 2016, this paper empirically discusses the causes and external impact of rice pest control delay. The empirical results show that 1) The separation of residences and production places caused by labor migration will increase the probability of control delays. 2) The expansion of farm size, the improvement of the availability of outsourcing services and the development of public monitoring and forecasting services will help reduce the probability of control delay. 3) The delay of rice pest control has a very obvious negative externality, and the delay of other households in the village has a negative externality of increasing the frequency of pesticide application. 4) Public monitoring and forecasting services can improve the control effect and reduce the number of control measures.
The micro empirical results of this paper are helpful to better understand the change in the intensity of pesticide use of rice in China. For rice, which is threatened by infectious diseases and insect pests, the frequency of pest outbreaks and the use of pesticides are affected by the residence of agricultural operators, farm size, and pest control services. The increase of agricultural labors living outside had led to the negative external impact of delayed control of transmissible diseases and pests, but the development of the land transfer market and outsourcing services for pest control alleviated the “farming time” delay. Therefore, the momentum of rapid growth of pesticide cost per mu of rice has been successfully curbed.
Based on the above conclusions and discussions, this paper puts forward the following three suggestions. First, to reduce the negative impact of the separation of agricultural labor residence and production location on agricultural pest control caused by labor migration, the government can take appropriate measures to promote the transfer and concentration of land to large professional households (such as subsidize continuous land transfer), and scale back the agricultural management model in which the main agricultural laborers live abroad. Second, in order to effectively replace farmers’ self-control, we should focus on improving the quality of outsourcing services and reducing the price of services (such as subsidize outsourcing services), and in order to eliminate supervision difficulties, we should establish long-term cooperative relationships between farmers and outsourcing services. Finally, relevant government departments should further strengthen public monitoring and forecasting services of plant diseases and insect pests, improve the information dissemination channels of plant diseases and insect pest control, guide farmers to use pesticides to improve the control effect of plant diseases and insect pests and reduce the frequency of pesticide application. Where conditions permit, we can pilot and promote public control for highly contagious diseases and pests instead of self-control and autonomy of small farmers. China is implementing the green development of agriculture, the conclusion of sustainable agriculture in China can provide reference for other developing countries.
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Low-carbon tourism reflects the degree of environmental concern in the tourism industry and is also the foundation of green, sustainable, and ecological tourism. The transformation of the tourism industry, known as the sunrise industry, to a low-carbon pattern contributes to the sustainable development of tourism cities. In this study, an objective evaluation indicator system for low-carbon tourism cities is constructed from the three dimensions of economy, environment, and society, followed by the determination of the weights of the evaluation indicators using an analytic network process model. Ten low-carbon pilot cities in China are evaluated using statistical data of 2014 and 2019. The main research results show that when a city’s economy has reached a certain level, with the development of the economy and individuals’ income and the gradual reduction in environmental pollution, the city’s development level of low-carbon tourism will also be better. Moreover, although these ten low-carbon pilot cities have similar development levels in terms of their social dimension, they have differed greatly in their economic and environmental dimensions. The tourism cities with better economic development levels also rank higher in terms of low-carbon environment and ecological environment, and the overall development level of low-carbon tourism is also better, which shows the obvious Matthew effect as a whole. This study contributes a set of objective evaluation index systems in line with the connotation of low-carbon tourism and assesses the dynamic difference between the cities. This study provides targeted policy recommendations for the construction of low-carbon tourism cities in China.
Keywords: low-carbon tourism city, evaluation, indicator system, ANP, carbon emission
INTRODUCTION
In September 2020, China announced to the world that its carbon dioxide emissions would peak before 2030, and carbon neutrality would be achieved by 2060. The emissions peak and carbon neutrality strategy is consistent with the general trend of global low-carbon development and is a strategic move that forces the Chinese economy to move toward high-quality development (Niu et al., 2021). Despite the usual perception that the tourism industry is a smoke-free green industry, the tourism industry has actually become a major carbon emitter (Peeters and Dubois, 2010). According to data from the World Tourism Organization and the United Nations Environment Programme, in 2018, the carbon footprint of the international tourism industry accounted for 8% of global greenhouse gas emissions. From 2005 to 2035, the carbon emissions of the tourism industry are projected to grow at an average annual rate of 2.5%. According to the International Energy Agency, among the global carbon dioxide emitters in 2018, transportation accounted for 24.6%, industry accounted for 18.4%, and agriculture accounted for 1.3%. The carbon emissions of tourism cannot be ignored. If the current state of affairs continues, by 2025, the global tourism carbon footprint will expand by more than 40% year on year, and its carbon dioxide emissions will exceed 6.5 billion tons. Therefore, the promotion of low-carbon tourism has become an inevitable trend in the development of China’s tourism industry (Khanna et al., 2014).
Since China introduced the concept of ecotourism in the early 1990s, it has accumulated rich experience in the fields of ecotourism and tourism energy conservation and emissions reduction. China has successfully constructed of low-carbon cities, low-carbon demonstration zones, and low-carbon tourism demonstration zones. For example, at the beginning of 2008, the Ministry of Construction of China and the World Wildlife Fund (WWF) jointly launched a proposal for a low-carbon city in mainland China. In 2010, the Chinese government issued the Guiding Opinions on Further Promoting Energy Conservation and Emissions Reduction in the Tourism Industry. In 2010, the National Development and Reform Commission of China issued the Notice on the Implementation of Pilot Work in Low-Carbon Provinces and Cities. So far, there are three batches of low-carbon pilot cities across China. The selection of low-carbon tourism demonstration zones was also launched in 2010. In January 2011, 50 tourist attractions, including Huangshan, were selected as the first batch of low-carbon tourism demonstration zones. In 2014, the Central Committee of the Communist Party of China and the State Council jointly issued the National New Urbanization Plan (2014–2020), proposing the concept of the Green City. In 2016, the National Standards Committee issued a standard formulation plan for Evaluation Indicators for Green Towns. However, at present, carbon reduction is not the core indicator of the development of the tourism industry. China’s tourism industry is relatively traditional in terms of its growth mode. The carbon reduction potential of the tourism industry is not fully understood, and there is still a considerable gap in the requirements of low-carbon tourism.
Low-carbon tourism is a new form of sustainable development that can yield greater economic, social, and environmental benefits from tourism through the use of low-carbon technologies. Compared with other countries, the service industry is not very developed in China. Coal is the main fuel in China, while the proportion of oil and natural gas is very low, so there is great pressure on emission reduction. Tourism has inherent low-carbon advantages, making it an important part of China’s emission reduction goals. China’s low-carbon tourism model is still in the primary stage. China needs to clarify the responsibility for the development of low-carbon tourism. Low-carbon tourism is an industry decomposition of China’s responsibility for global climate change, and it is also an inevitable choice if tourism is to cope with its further development.
However, the carbon emission reduction challenges faced by the tourism industry involve many complex, interrelated factors (Liu and Qin, 2016). As Du et al. (2018), Wang et al. (2018), Su et al. (2016), Wang et al. (2019), and Zhang and Zhang (2020) pointed out, besides it is necessary to pay attention to air quality, pollutant treatment, and ecological efficiency, the construction of low-carbon cities must address economic, environmental, and social issues (Zhang and Zhang, 2021), such as economic growth and carbon emissions related to tourism. Therefore, it is necessary to formulate a scientific and reasonable indicator framework to evaluate the low-carbon development level of Chinese tourism cities.
At present, many scholars have carried out evaluation studies on ecology, green, low-carbon, and sustainable forms of development (Sun et al., 2021a). Hu (2014) evaluated low-carbon tourism cities from three main aspects of tourism competitiveness, low-carbon development level, and regional environmental impact. Among these, the low-carbon development indicator only focused on low-carbon cities and lacked low-carbon indicators specific to tourism. Zhang and Zhang (2020) used the fuzzy Delphi method to construct a low-carbon tourism development indicator system and conducted a static assessment of the low-carbon development level of the two tourism cities of Guilin and Lhasa. However, there are still few low-carbon development evaluation studies that have specifically targeted tourism cities. Because the existing studies adopt relatively subjective evaluation indicators, their rationality and feasibility are also questionable.
Based on the above problems, this research mainly focuses on the following two questions: 1) what kind of indicator system should be constructed to ensure the objectivity and validity of the evaluation results? 2) What are the differences in the low-carbon tourism development levels among representative cities? The main contribution of this study is to construct an objective indicator system, in which the analytic network process (ANP) method is used to evaluate the low-carbon development level of 10 representative tourism cities in China using real data.
The rest of this study is organized as follows: the following section presents the literature review. In Indicator System Construction, an evaluation indicator system is constructed and weights are determined. Case Studies presents details on the case studies. In Conclusion and Policy Orientation, conclusions and policy implications are presented.
LITERATURE REVIEW
Related Research on the Evaluation of Low-Carbon Tourism
Compared to broader concerns about achieving a low-carbon economy, the specific issue of low-carbon tourism has begun to receive attention recently. The concept of low-carbon tourism was proposed in 2008. Gössling et al. (2008) raised the issue of low-carbon tourism: new opportunities for destinations and tour operators. They argued that low-carbon tourism is sustainable. In the context of the prevalence of low-carbon concepts, many scholars have paid attention to low-carbon tourism and have conducted extensive research. However, the research objects for evaluating low-carbon development levels include mainly low-carbon cities, sustainable cities, low-carbon tourism. Previous research has focused on establishing an evaluation indicator system and selecting evaluation methods.
Du et al. (2018) constructed a multi-dimensional indicator system from the four aspects of society, economy, energy, and environment and launched an evaluation of low-carbon development in 30 provinces in China from 2003 to 2013. Socio-economic conditions, resource endowments, and region were correlated, but the research was conducted in a wide range, based on provinces as a unit. In fact, cities in each province may have large differences in development, which do not reflect the broader differences in regional development. Blancas et al. (2016) built a dynamic evaluation index through a goal planning approach composed of 85 indicators: 29 social indicators, 36 economic indicators, and 20 environmental indicators. Fu et al. (2010) comprehensively considered the three aspects of economy, society, and environment to construct an indicator system for evaluating the low-carbon level of cities but did not conduct empirical research. Liu and Zhang (2020)used the analytic hierarchy process (AHP) to construct a sustainable tourism development indicator system composed of four dimensions: environmental resource subsystems, social subsystems, economic subsystems, and development support subsystems. They calculated the weight of each indicator to judge the influence of each on the sustainable development of rural tourism for Longnan. However, only the weights were calculated, and no empirical research was conducted on the specific data in Longnan. Li et al. (2017) constructed a low-carbon city development evaluation indicator system composed of 18 objective indicators from the four subsystems of the social system, economic system, environmental system, and scientific and technological system. They used the fuzzy hierarchy comprehensive evaluation method to investigate four municipalities directly under the Central Government and analyzed trends in the data from 2008 to 2013. However, the selected cities were too similar, and the methods used could not consider the interactions between the indicators. In general, the evaluation systems described above considered the three aspects of economy, society, and environment, and a small number of them also incorporated other subsystems such as energy, development, and technology (Luo et al., 2020; Sun et al., 2021b).
When developing evaluation methods for low-carbon tourism cities, many scholars have adopted principal component analysis (PCA) and AHP for indicator selection and weight determination. Guo et al. (2018) comprehensively used PCA and fuzzy analytic hierarchy process (FAHP) to simulate and predict the low-carbon competitiveness of the Wuhan metropolitan area. However, they did not pay attention to the internal relationships between the indicators, and the scope of the selected research area was relatively small. Wang et al. (2021) calculated scores for low-carbon development quality using the TOPSIS method in research on low-carbon urban development. Tan et al. (2017) employed a comprehensive evaluation method for the ranking of low-carbon cities using the entropy weighting factor method. Perez et al. (2016) used a combination of dissimilar algorithms such as distance, data envelopment analysis, and principal component analysis to rank destinations. Shi et al. (2021) and Tao (2017) established green city sustainable development level evaluation indicators and a low-carbon tourism evaluation indicator system based on AHP. However, the AHP method has many shortcomings, such as having no consideration for any correlations between evaluation elements. Kim et al. (2021) proposed a slow city tourism evaluation index based on Delphi-AHP. Hu (2014) and Zhang and Zhang (2020) used the ANP method to overcome this defect. However, their research also has new problems, such as insufficient selection of low-carbon indicators or excessively subjective data. In general, most of the previous studies have used simple and flexible AHP and FAHP methods. A small amount of research has begun to pay attention to the shortcomings of the above evaluation methods, and they have instead adopted the more advantageous ANP network analysis method. The ANP method can consider the interrelationships between indicators, so an indicator system constructed thereby can produce more practical and effective evaluation results.
In terms of the objectivity of the indicator system, many scholars have adopted the idea of combining objective indicators with subjective indicators. Cheng et al. (2013) constructed a low-carbon evaluation indicator system for tourist attractions, including two subjective indicators of the management system and participant attitudes. Moreover, the data for all indicators came from subjective scoring by experts, which inevitably affects the reliability of the results. Cho et al. (2016) used Taiwan as an example to construct an indicator system to evaluate the suitability of low-carbon tourism development, containing 53 second-level evaluation indicators. However, the measurement data relied on subjective scoring, such as low-carbon tourism experience, carbon education, promotion, and dining environment. Zhang and Zhang (2020) adopted a comprehensive method combining the fuzzy Delphi method and ANP to construct an indicator system for evaluating the development of low-carbon tourism in urban destinations. However, the indicators such as low-carbon environmental education, carbon literacy of residents, and low-carbon technology were still too subjective, and only static evaluations were made on the development status of Lhasa and Guilin in 2014. Wu et al. (2016) used remote sensing images, night light values, and PM2.5 concentration inversion data to evaluate the development level of low-carbon cities from the five aspects of low-carbon development, low-carbon economy, low-carbon environment, city scale, and energy consumption. The objectivity of the evaluation indicators was very good. However, the workload was huge, the data was too cumbersome, and the data availability was relatively poor, leading to poor performance. Shi et al. (2021) conducted a green city sustainable development level evaluation study. The data sources were all publicly available official data. The years 2009, 2014, and 2019 were selected for spatial change evaluation. As the indicator system considers official, authoritative data as much as possible, it provides better inspiration for similar research.
ANP generalizes the problem modeling process using a network of criteria (evaluating indicators) and alternatives (strategies), all grouped into clusters. The elements in the network can be related in any possible way. This provides accurate modeling of complex settings and allows handling the usual situation of interdependence among elements used for assessment (Neaupane and Piantanakulchai, 2006). Therefore, this study is based on the ANP Method.
Three Aspects of Low-Carbon Tourism Evaluation Indicators
“Related Research on the Evaluation of Low-Carbon Tourism” introduced prior research on the relevant indicators and characteristics of low-carbon tourism evaluation. It was noted that the existing evaluation systems generally include economic, environmental, and social dimensions. Tables 1–3 were thus compiled to list the evaluation indicators related to the development level of low-carbon tourism in the current study. These tables show the indicators, methods, and representative meanings used in previous studies, as well as the focus of each study, for comparison of indicators.
TABLE 1 | Indicators of the economic dimension.
[image: Table 1]TABLE 2 | Indicators of environmental dimension.
[image: Table 2]TABLE 3 | Indicators of social dimension.
[image: Table 3]According to the comparison of the above indicators, economic indicators pay more attention to the tertiary industry, the proportion of tourism income in GDP, the growth rate of tourism income, and other relevant indicators that can represent the level of sustainable economic development. Environmental indicators pay more attention to the emission of pollutants, the air quality in the ecological environment, and the coverage of forest green space, among others. Social indicators pay more attention to residents’ low-carbon awareness, basic qualities, urban waste treatment, facility planning, and policies. This study mainly selects the most used indicators in the past, but indicators such as resident literacy can hardly be represented by objective data. We will, therefore, focus on indicators such as garbage or pollutant treatment rate and Engel coefficient.
Limitations of Existing Research
The evaluation systems used in the studies described above considered the indicators from three aspects of economy, society, and environment. As emphasized by many studies, low-carbon tourism is highly related to a low-carbon economy and sustainability. In order to better clarify the need for a new study to examine the low-carbon development level of tourism cities, this study summarizes the limitations of the current research as follows:
First, most of the current research objects are cities, or a certain particular spot (Cheng et al., 2013; Guo et al., 2018). There are very few relevant studies on tourist cities or tourist destinations. In particular, there has been very little work on the overall evaluation of the low-carbon development of tourism cities.
Second, in terms of evaluation methods for low-carbon tourism cities, an expert (therefore highly subjective) scoring method has usually been used. This study believes that it is more appropriate to adopt official objective data. In addition, there has also been a lack of low-carbon tourism indicators in the low-carbon tourism evaluation indicator systems. Therefore, the selection of indicators in this study will be based on the connotation of low-carbon tourism cities and adopt objective data closer to low-carbon tourism to design a more complete evaluation system.
Third, most of the prior research on evaluating low-carbon tourism cities has adopted the AHP method (Pan et al., 2020). Because the tourism city is an open, dynamic, and complex system, its development requires the interaction of economic, social, and environmental factors to achieve low-carbon sustainable development. Inevitably, there are a large number of interdependencies among many evaluation indicators. Therefore, if the traditional AHP method is used, there is a fatal limitation; the interrelationship between indicators cannot be well solved.
Fourth, most of the prior studies have not carried out specific evaluation work after constructing the indicator system. Even among the small number of evaluation studies that have done so, they have had the problem of too few research areas or static analysis only (Cho et al., 2016; Liu and Zhang, 2020). At present, there has been no targeted comparative analysis or dynamic evaluation in different periods. Therefore, there are no effective measures to improve the performance of cities.
INDICATOR SYSTEM CONSTRUCTION
Principles of Indicator Construction
Based on a review of the relevant evaluation research, the following points should be considered when formulating an evaluation indicator system for the low-carbon development of tourism cities.
1) It is necessary to indicate a city’s low-carbon tourism status in an integrated manner, based on social, economic, and environmental factors, as the basic criteria for the evaluation.
2) A more complete indicator system should include the various goals for and ways of achieving low-carbon tourism cities, not only involving the urban economy but also paying attention to the development of the tourism economy, low-carbon development, and the ecological environment. The innovation of this study lies in closely following the scientific connotation of low-carbon tourism cities, focusing on low-carbon tourism development points, and encompassing the basic principles of urban development, plus the city’s carrying capacity, facility construction, and social life indicators. The evaluation results are thereby ensured to be comprehensive and effective.
3) The availability of data is the basis of calculation, and the availability of all indicator data should be guaranteed. Therefore, any statistical data that is difficult to collect and whose consistency cannot be guaranteed for all cities under evaluation (e.g., the proportion of clean energy vehicles) will not be included in the evaluation indicator system for the time being.
4) The evaluation indicators should be based on objective data and quantifiable indicators. Some indicators such as low-carbon recognition, low-carbon literacy, low-carbon policies, and other related factors admittedly have an impact on low-carbon development levels, but they are highly subjective, making it difficult to objectively compare different cities and different time points. Moreover, different evaluation teams will yield different evaluation results, making such indicators unsuitable for the evaluation indicator system.
Evaluation Indicator System
Based on the literature review above, the evaluation of the development level of low-carbon tourism cities involves many complex factors such as economy, society, and the environment. In this study, ANP is used to construct an evaluation model, according to the main principles and ideas of the ANP, to evaluate cities’ low-carbon tourism development level. The indicator system constructed in this study is divided into three low-carbon subsystems: economy, environment, and society. The second-level indicators include low-carbon carrying support, tourism investment and tourism output, low-carbon environment, ecological environment, low-carbon life, and facility planning. The second-level indicators are decomposed into single-item third-level indicators. The complete indicator system is shown in Table 4. The data sources of the improved indicators are all objective to prevent errors caused by differences in evaluation expert teams.
TABLE 4 | Low-carbon city tourism evaluation indicators.
[image: Table 4]1) A1 is the indicator of the tourism economy. The level of economic development has a positive effect on energy intensity and the carbon emissions intensity of the tourism industry. The continuous increase in the current economic development level and the continuous expansion of the tourism industry are inevitable trends (Yao et al., 2021). Economic indicators such as tourism income growth rate, tourism growth rate, tertiary industry growth rate, per capita GDP, and the proportion of tertiary industry in GDP can effectively measure the economic development level and sustainable development capacity of the tourism industry. Socio-economic development and industrial structure are important input factors for the operation of the tourism ecosystem (Lu et al., 2015; Wang et al., 2016). Therefore, low-carbon carrying support (B1) selects three indicators of per capita GDP, the ratio of the tertiary industry to GDP, and the per capita disposable income of residents (Chen et al., 2018; Lu et al., 2018). Tourism investment (B2) selects the number of tourist attractions above level 4A, the number of tourism employees, and the proportion of R&D investment. The output level of the tourism industry is one of the direct manifestations of the development of low-carbon tourism cities. This study selects the tourist growth rate and tourism revenue growth rate to reflect the development status of the city’s tourism economy. Therefore, the tourism output indicator (B3) is based on the three indicators of tourism revenue growth rate, tourist growth rate, and tourism congestion index.
2) A2 is the indicator of a low-carbon environment. By considering low-carbon emissions, resource efficiency, and environmental protection, the indicators are constructed from two aspects: carbon emissions and ecological environment resources. Currently, China’s energy structure is dominated by high-carbon energy. Coal and oil are still the main fuels. Coal consumption will bring about huge carbon emissions, not conducive to environmental protection and emissions reduction. Tourism carbon emissions, energy consumption, and other related indicators can be used to reflect energy consumption and carbon dioxide emissions. Therefore, the low-carbon environment indicator (B4) is based on tourism carbon intensity, tourist per capita carbon emissions/year, per capita energy consumption, and tourism energy intensity. Low-carbon sustainable development depends on the carrying capacity of the ecological environment. Ecological environment (B5) is based on air quality index (AQI), forest coverage, and per capita park green area. Air quality is directly related to CO2 emissions. Per capita public green area is the ratio of park green area to urban non-agricultural population. The forest coverage rate reflects the abundance of urban forest resources and the degree of greening and can reflect a city’s carbon sequestration capacity, environmental health, and sustainable development level.
3) A3 is the indicator of a low-carbon tourism society. Low-carbon life (B6) includes four indicators: population density, urbanization rate, Engel coefficient, and green travel ratio. Population density is considered an indicator directly related to carbon dioxide emissions, which will have a direct impact on the city’s low-carbon development. Low-carbon tourism is a low-carbon development potential in terms of resource endowments, technological advantages, and consumption patterns (Zheng et al., 2011). Engel coefficient and urbanization rate represent the consumption structure and regional development level; these are used because the consumption structure will impact carbon emissions. The green travel ratio can measure the low-carbon level from the perspective of travel consumption. Facility planning (B7) includes the number of public transport vehicles per 10,000 people, per capita road area, the harmless treatment rate of domestic garbage, and the sewage treatment rate. The core of low-carbon tourism is to produce high-quality, low-carbon emission, and low-polluting tourism experiences in the process of transportation, accommodation, sightseeing, shopping, and entertainment (Liu, 2010). The current urbanization rate is continuously rising, the number of private cars is increasing, and the number of people taking public transportation is decreasing, which puts huge pressure on the city’s energy consumption and carbon emissions. Urban transportation is thus a major source of carbon emissions. The number of public buses per capita is obtained by dividing the number of public buses operated by the city by the registered population of the city. Compared with private vehicles, public transportation has a stronger carrying capacity and lower average passenger carbon emissions. The harmless treatment rate of domestic garbage and the sewage treatment rate are the basic indicators that reflect the impact of urban development on the environment and the level of protection.
Use of ANP to Determine Indicator Weights
ANP was proposed by Saaty and Saaty (1996). This method realizes mutual dependence or feedback and replaces the hierarchical structure with a network, which is the promotion of the AHP. Generally speaking, it is difficult for evaluation indicators to be independent or uncorrelated, and there will be much interdependence between indicators (Zhang, 2017). Therefore, the traditional AHP method has serious limitations in determining the weight of each indicator. This study thus uses the ANP method. The specific process of ANP is shown in Figure 1.
[image: Figure 1]FIGURE 1 | ANP flowchart.
We invited 12 experts in the field of low-carbon tourism management to participate in the evaluation. In order to ensure the credibility of the evaluation results, all selected experts are in the fields of low-carbon tourism economy, tourism resource development, or energy: five experts in tourism, one expert in tourism resource development and environmental protection, two experts in low-carbon economy, two experts in low-carbon tourism, and one expert in energy economy. The opinions of experts on the relative importance of these indicators were collected through online questionnaires. The selected experts were asked to use Saaty’s 1–9 scale to compare any pair of indicators. Scale values are shown in Table 5. Finally, by calculating the average of each expert’s decision, all pairwise comparison matrices were obtained.
TABLE 5 | Assignment of scale value.
[image: Table 5]The indicators for evaluating the development level of low-carbon tourism cities present a certain hierarchical structure, and there are dependencies and feedback relationships between its levels and indicators. Given the information feedback between the levels and the interdependence of the internal elements of the levels, the interdependence between economy, environment, and society must be considered before weighting the evaluation indicators in the ANP (Zhang, 2017). For example, the tourist growth rate will certainly have a positive impact on tourism carbon intensity and the per capita carbon emissions of tourists; a city’s per capita GDP will affect the city’s facility planning, such as bus deployment and road planning; R&D investment will affect the technological level of domestic waste and sewage treatment; green travel can help reduce carbon dioxide emissions related to tourism; and tourism carbon intensity will affect air pollution. Therefore, there is a substantial interdependence among the 24 indicators in Table 4. This research used a two-dimensional table of expert group surveys to determine the interdependence between different indicators.
Weighted Results
The low-carbon tourism city evaluation indicators were input into the ANP calculation software Super Decisions to establish the dependency, control, and feedback relationships among the indicators in the element set and internal units composed of indicators at all levels. In this fashion, the network hierarchy diagram of the evaluation index system was obtained. Under the premise that the consistency test can pass the measurement standard as a matrix, the relationship matrix established by the expert group was input into the software to calculate the unweighted supermatrix, weighted supermatrix, and limit supermatrix. Finally, the weights of the low-carbon tourism city evaluation indicators were obtained, as shown in Table 3.
Figure 2 shows an ANP model for evaluating the development level of low-carbon tourism based on the interdependence of indicators. All the arrows here indicate interdependencies between different indicators. All matrices have passed the consistency test (inconsistency < 0.1), and the maximum inconsistency of all paired comparison matrices is 0.06969.
[image: Figure 2]FIGURE 2 | Diagram of ANP model.
Table 6 shows the comprehensive weights and rankings of all evaluation indicators. Among them, the resident per capita disposable income (C3) (0.232941) has the highest weight, followed by the ratio of the tertiary industry to GDP (C2) (0.199121), ratio of good AQI (C14) (0.121527), and Engel coefficient (C19) (0.093717). This indicator ranking shows that experts believe that economic support for low-carbon carrying capacity is particularly important in evaluating low-carbon tourism. Moreover, studies have shown that China reached a relative peak in the environmental pollution in 2012, and the effect of China’s economic growth on the environment has changed from a negative effect to a positive effect (Liu, 2021). Furthermore, the relatively highly ranked indicators include tourism carbon intensity (C10) (0.036373), per capita energy consumption (C12) (0.028328), and green travel ratio (C20) (0.041658). It can be intuitively seen that, in low-carbon development, transportation for tourism travel is a major source of carbon emissions, and green travel can effectively reduce them. Moreover, the overall weight of a low-carbon society is lower than that of a low-carbon economy and low-carbon environment because the economic and environmental indicators are more in line with the connotation of tourism and carbon emissions. From a realistic point of view, some of the economic and environmental indicators affect social indicators, and social indicators slowly change in response. In particular, facility planning (B7) is also based on the government’s plan for the city and the intensity of facility investment, such as garbage treatment and sewage treatment, which requires a sufficient economic foundation and technical conditions. Another example is the increase in resident disposable income, which will produce a corresponding increase in the number of private cars that will affect the green travel ratio.
TABLE 6 | Results of weighted indicators.
[image: Table 6]CASE STUDIES
Study Area
In order to promote the construction of ecological civilization, promote green and low-carbon development, and ensure the realization of China’s greenhouse gas emissions goals, the National Development and Reform Commission of China has successively launched three batches of national low-carbon pilot projects in 2010, 2012, and 2017, as an important starting point for carbon emission reduction goals. The blue points and green areas in Figure 3 show the current low-carbon pilot cities and their distribution in each province in China. Although China’s overall carbon emissions have decreased, there are still big differences in the effectiveness of carbon emissions reductions across the low-carbon pilot cities, and the establishment of low-carbon pilot cities has not necessarily meant effective implementation (Guo and Wang, 2021; Huo et al., 2022). In fact, as early as 1988, China started the construction of excellent tourism cities. The tourism industry has the characteristics of low energy consumption and low pollution, which are important for cities to adapt to a low-carbon path. Therefore, this article selects a research area that is both an excellent tourist city in China and a low-carbon pilot city to conduct its evaluation of low-carbon tourism. The evaluation results reflect the current implementation status of low-carbon pilot cities.
[image: Figure 3]FIGURE 3 | Distribution of low-carbon pilot cities.
The main selection principles were as follows: 1) choose at least two cities each in the southeastern, northwestern, and central regions of China to facilitate the analysis of the differences in low-carbon development in these cities; 2) do not limit the choice to cities with tourism as the main form of development, but also include cities in which a non-tourism industry is a leading industry; 3) the development of the tourism industry in the selected city must have good representativeness and should have a certain international reputation. To this end, we selected low-carbon pilot cities from the list of China’s excellent tourism cities.
According to the above requirements, we identified 10 low-carbon cities marked in red in Figure 3. They are two cities in the eastern region (Shanghai and Hangzhou), two cities in the western region (Chengdu, Xi’an), two cities in the southern regions (Guangzhou and Guilin), two cities in the northern region (Shenyang and Dalian), and two cities in the central region (Wuhan and Zhengzhou). Table 7 gives a brief introduction to each city.
TABLE 7 | Brief introduction of low-carbon tourism cities.
[image: Table 7]Data Source
The data for the evaluation indicators in this article were mainly derived from annual economic and social statistical bulletins and the statistical yearbooks of the respective cities, the China City Statistical Yearbook, the Statistical Yearbooks of various provinces, and the relevant official websites of the government. The data source of each indicator is shown in Table 8, and the attributes of the indicators are marked.
TABLE 8 | Data sources of the indicators.
[image: Table 8]Evaluation Results
Comparative Analysis of Evaluation Results
The same standards were applied to all data sources to ensure reliability and accuracy. Because the units of each indicator are different, statistical indicators must be dimensionless. The indicator values in this study are all objective. In order to compare the differences between cities and preserve the degree of variation of the data and the authenticity of the rankings, non-dimensionless processing was conducted on the indicators by
[image: image]
where [image: image] is the value of the i-th indicator relative to the average, [image: image] is the original data for the i-th indicator, and [image: image] is the average value of all the data for the i-th indicator.
Table 9 shows the scores and ranking changes of the ten cities in 2014 and 2019. The negative indicators have been processed with negative values, so the scores of second-level indicators will have negative values. The specific values of all the original data are reflected in the attached table.
TABLE 9 | Results of averaged evaluation scores.
[image: Table 9]For 2014, the cities ranked by the total score from highest to lowest are Shanghai, Guangzhou, Hangzhou, Xi’an, Dalian, Wuhan, Chengdu, Shenyang, Zhengzhou, and Guilin. For 2019, the ranking is Shanghai, Guangzhou, Hangzhou, Wuhan, Xi’an, Chengdu, Zhengzhou, Shenyang, Dalian, and Guilin. The relative ranking changed over the past 2 years. A detailed analysis of the scores for each city is as follows:
1) Shanghai’s total score (0.9038/0.9238) ranked first in both years. Low-carbon carrying support (B1) (0.7328/0.7497) changed from 2nd to 1st place. Tourism investment (B2) (0.1081/0.0931) and low-carbon environment (B4) (−0.0524/−0.0494) remained first. Tourism output (B3) (0.0026/0.0045) rose from 10th to 9th, and the indicator B3 lagged behind, specifically due to the low tourism growth rate and low tourism income. The ecological environment (B5) (0.1439/0.1376) rose from 4th to 2nd, showing that Shanghai has developed its air quality and forest coverage well. The ranking for low-carbon life (B6) (0.0461/−0.0268) rose from 9th to 3rd, with the largest change in the sub-indicators, due to the change in the Engel coefficient. Facility planning (B7) (0.0149/0.0151) changed from 9th to 7th. Among them, the indicator value for the number of buses owned by 10,000 people was lower than that of other cities.
2) Hangzhou’s total score (0.7293/0.7247) ranked third. Low-carbon carrying support (B1) (0.6475/0.6717) maintained third place. The ranking of tourism investment (B2) (0.0436/0.0372) and tourism output (B3) (0.0127/0.0118) dropped from third to fourth. Low-carbon environment (B4) (−0.0952/−0.1122) dropped from 5th to 8th. Compared with other cities, this indicator has worsened, specifically due to the increase in per capita energy consumption, which increased from 4.85 tons of standard coal/person to 9.62 tons of standard coal/person. Ecological environment (B5) (0.1168/0.1277) dropped from 5th to 6th. Low-carbon life (B6) (−0.0123/−0.0269) drops from 3rd to 4th. Facility planning (B7) (0.0162/0.0155) dropped from 2nd to 4th. Compared with other cities, Hangzhou had a balanced development in all aspects, most of its rankings changed little, and there was no increase in any indicator’s ranking.
3) Xi’an’s total score (0.6066/0.597) ranking dropped from the 4th to 5th place. Low-carbon carrying support (B1) (0.4933/0.5027) rose from 8th to 6th. Tourism investment (B2) (0.0363/0.0318) remained at the 5th place. Tourism output (B3) (0.0178/0.0166) remained in the 2nd place. Low-carbon environment (B4) (−0.0859/−0.0922) dropped from 4th to 6th as a result of an increase in per capita energy consumption and tourism energy intensity. Ecological environment (B5) (0.108/0.1001) dropped from 7th to 9th, mainly due to a reduction in per capita green area. Low-carbon life (B6) (0.0219/0.023) remained at the 1st place. Facility planning (B7) (0.0151/0.0151) dropped from the 6th to 8th place. On the whole, although the score of low-carbon carrying support (B1) increased, the decrease in the low-carbon environment (B4) and ecological environment (B5) brought about a change in the total score. Xi’an should, therefore, pay special attention to carbon emissions and the ecological environment.
4) Chengdu’s total score (0.5494/0.591) rose from 7th to 6th. Low-carbon carrying support (B1) (0.5021/0.5083) rose from 7th to 5th. In recent years, Chengdu has adopted Charming Ancient Capital and Western Heart as one of its strategies and has achieved economic growth with the aid of the Belt and Road Initiative. Tourism investment (B2) (0.0406/0.0758) rose from 4th to 2nd in part because the number of level 4A scenic spots increased significantly from 18 to 48. Tourism output (B3) (0.0201/0.0127) dropped from 1st to 3rd, mainly due to a slowdown in tourist growth in 2019. Low-carbon environment (B4) (−0.1049/−0.0962) rose from 8th to 7th. Ecological environment (B5) (0.1142/0.1277) rose from 6th to 5th. Low-carbon life (B6) (−0.0393/−0.0531) dropped from 7th to 9th. Facility planning (B7) (0.0165/0.016) remained at the1st place. In recent years, the population of Chengdu has increased and population density has changed. However, it has also brought about an increase in local consumption, especially an increase in the use of Chengdu’s international air routes in recent years, which has driven international tourism consumption. It can be seen from the evaluation score that Chengdu has been further developed in all aspects.
5) Guangzhou’s total score (0.8647/0.8308) ranked 2nd. Low-carbon carrying support (B1) (0.737/0.723) changed from 1st to 2nd. Tourism investment (B2) (0.0498/0.0493) changed from 2nd to 3rd. Tourism output (B3) (0.0064/0.0033) dropped from 9th to 10th, similar to Shanghai’s ranking, mainly due to a slowdown in tourist growth rate and tourism income. Low-carbon environment (B4) (−0.0733/−0.0624) remained at the 2nd place. Ecological environment (B5) (0.1449/0.1304) dropped from 2nd to 4th. The values of Guangzhou’s own ecological environment-related third-level indicators have not decreased, mainly due to the small degree of development and changes in the ecological environment, which led to a decline in the ranking. Low-carbon life (B6) (−0.0157/−0.0287) dropped from 4th to 6th because of the green travel ratio. Facility planning (B7) (0.0156/0.0158) rose from 4th to 2nd.
6) Guilin’s total score (0.4129/0.3716) has always ranked last, at 10th place. Its low-carbon carrying support (B1) (0.3782/0.3482) also ranked 10th. Although the tourism industry has always been a major contributor to the economic development of Guilin, the low ranking is greatly related to its poor low-carbon economic carrying capacity. However, Guilin maintained first place in the ecological environment (B5) (0.1688/0.1438) due to Guilin’s emphasis here (Zhang and Zhang, 2020). Tourism investment (B2) (0.0211/0.0199) improved from the 9th to 8th place. Tourism output (B3) (0.0094/0.0212) rose from the 7th to 1st place because the growth rate of tourists and tourism revenue significantly increased. Low-carbon environment (B4) (−0.0827/−0.0887) dropped from third to fifth, and the increase in tourism output also resulted in more energy consumption, leading to a decline in the low-carbon environment score. Low-carbon life (B6) (−0.0969/−0.0874) ranked 10th, partly due to an urbanization rate that was much lower than that of the other cities. Facility planning (B7) (0.015/0.0148) dropped from 7th to 10th, as the number of buses per 10,000 people was lower than that of other cities.
7) Shenyang’s total score (0.484/0.4846) remained at the 8th place. Low-carbon carrying support (B1) (0.5041/0.4872) dropped from 6th to 8th. Tourism investment (B2) (0.0228/0.0187) dropped from 7th to 10th. It can be seen that tourism investment is highly related to low-carbon carrying support, and both underwent major changes. Tourism output (B3) (0.0109/0.0116) remained in the 5th place. Low-carbon environment (B4) (−0.1307/−0.1445) remained in the 9th place. Ecological environment (B5) (0.0978/0.1264) changed from 8th to 7th. The lower ranking of low-carbon environment and ecological environment was related to Shenyang’s main industry being industrial, which consumes considerable energy and easily increases the pressure on the city’s ecological environment. Low-carbon life (B6) (−0.0364/−0.0297) dropped from 5th to 7th. Facility planning (B7) (0.0155/0.0149) dropped from 5th to 9th. The score gap for low-carbon life was relatively small across the ten cities, as was also the case for the low-carbon facility. Shenyang’s urbanization rate and Engel’s coefficient were relatively small, which brought about a large degree of decline in its ranking.
8) Dalian’s total score (0.5692/0.4446) dropped from 5th to 9th, the biggest change among the ten cities. Low-carbon carrying support (B1) (0.5599/0.4823) dropped from 4th to 9th, which was the main reason for the decline in the total score ranking. In recent years, Dalian’s economic development has declined, its industrial resources have also decreased, and its talents have been drained, which has had a great negative impact. Tourism investment (B2) (0.0209/0.0194) changed from 10th to 9th; the lower ranking was greatly affected by economic development. Tourism output (B3) (0.0071/0.0084) changed from 8th to 7th. Low-carbon environment (B4) (−0.1653/−0.1869) ranked at the 10th place, unchanged. Similar to Shenyang, the industrial structure of such cities is based on heavy industry and the energy industry, which has a negative impact on energy consumption. Ecological environment (B5) (0.1444/0.1344) remained at the 3rd place. Low-carbon life (B6) (−0.0117/−0.0284) dropped from 2nd to 5th. Facility planning (B7) (0.014/0.0155) rose from 10th to 4th. The number of buses per 10,000 people in this indicator was the main source of the increase.
9) Zhengzhou’s total score (0.4341/0.5126) improved from 9th to 7th. Low-carbon carrying support (B1) (0.4452/0.4885) rose from 9th to 7th. Tourism investment (B2) (0.0222/0.023) rises from 8th to 7th. Tourism output (B3) (0.0104/0.0111) remained in the 6th place. Low-carbon environment (B4) (−0.1034/−0.0807) improved from 7th to 4th. Ecological environment (B5) (0.0836/0.0788) ranked 10th. Low-carbon life (B6) (−0.0389/−0.0238) rose from 6th to 2nd. Facility planning (B7) (0.015/0.0157) rose from 7th to 3rd. Overall, the ecological environment ranked last, but most rankings are on the rise. However, compared with other cities, Zhengzhou has relatively few tourism resources, a high population density, and poor air quality. Therefore, its score for the ecological environment is low. Zhengzhou should therefore pay attention to the development of its ecological environment.
10) Wuhan’s total score (0.5552/0.6283) improved from 6th to 4th. Low-carbon carrying support (B1) (0.5418/0.5803) changed from 5th to 6th. Tourism investment (B2) (0.0308/0.0281) remained in the 6th place. Tourism output (B3) (0.0121/0.0083) dropped from 4th to 8th, and the growth rate of tourists and tourism income in Wuhan in 2019 is lower than that in 2014. Low-carbon environment (B4) (−0.0978/−0.0783) rose from 6th to 3rd. Ecological environment (B5) (0.0932/0.109) changed from 9th to 8th. Low-carbon life (B6) (−0.041/−0.0345) remained in the 8th place. Facility planning (B7) (0.016/0.0155) changed from 3rd to 4th. With the development of its low-carbon economy, the development of agricultural tourism in the suburbs of Wuhan has obvious advantages, as Wuhan can provide a low-carbon environment and a better ecological environment.
Results and Discussion
Based on the results of the above comparative analysis, the following conclusions can be drawn:
First, when a city’s economy develops to a certain extent, further development of the economy and per capita income will cause the degree of environmental pollution to gradually decrease, and the development of low-carbon tourism will be better. This result can be reasonably explained from the environmental Kuznets curve hypothesis (Gao et al., 2021). According to scholars such as Grossman and Krueger (1995), Peng and Bao (2006), Wang et al. (2020), and He et al. (2021), when the economy develops to a certain extent, economic growth begins to have a positive impact on the environment. According to Liu’s research, when the per capita annual income reaches about 7000 US dollars, China will reach an inflection point in the environmental Kuznets curve (Liu, 2021). China’s per capita annual incomes in 2014 and 2019 were 8,600 and 10,410 US dollars, respectively. Because there is currently no research literature on the tourist environment Kuznets curve, we can judge that China as a whole may have crossed the inflection point of the environmental Kuznets curve, showing that, with the continuous growth of per capita annual income, the development of low-carbon tourism is indeed improving. It can be seen from their total score and the rankings of their low-carbon carrying support (B1) that Shanghai and Guangzhou have high scores, and their economic development level has passed the inflection point of the environmental Kuznets curve. Therefore, their tourism investment also was more than before, and their low-carbon environment and ecological environment score rankings were also higher. Hence, the development level of low-carbon tourism was better than that of other cities. However, the per capita annual incomes of Guilin in 2014 and 2019 were 4,365 and 3,825 US dollars, respectively. Due to regional development differences, Guilin has not yet reached the inflection point. Its scores for tourism investment (B2) (0.0211, 0.0199) were not high, and its low-carbon tourism development ranking was also at the bottom. Therefore, the development of city tourism can achieve high-quality development only by relying on a solid foundation for economic development.
Second, the development of low-carbon tourism in cities depends on the coordination of other industrial sectors. For example, Shenyang and Dalian, both of which are located in the cold northeast of China, are not only old industrial bases but were also once “heavily polluted areas.” Facing the dual dilemma of lagging economic growth and the deterioration of the ecological environment, indicators such as low-carbon environment, low-carbon carrying support, and tourism investment rank low for both cities. Dalian, a beautiful coastal city, benefits from the sea breeze from the Bohai Sea. Its air is thus fresh, similar to that of Guangzhou and Shanghai. Dalian’s ecological environment indicator score is relatively high, but it still ranks at the bottom, the same as Shenyang in terms of low-carbon environment and tourism investment. The phenomena of continuous deterioration mean that the environmental problems of Dalian and Shenyang have not been fundamentally solved. Therefore, for cities characterized by heavy industrial development that are in the process of developing low-carbon tourism, we should focus on adjusting the industrial structure, adhering to a high-quality growth model, and coordinately promoting the city’s low-carbon tourism and industrial transformation and upgrading. Efforts should be made to form a structurally optimized, clean, and safe modern industrial system supported by new industries and led by green development.
Third, the difference between cities in the development of low-carbon tourism results from the economic and environmental dimensions rather than the social dimension. This is a manifestation of the Matthew effect. The Matthew effect is a common polarization phenomenon in the social economy (Looy et al., 2004). According to the changes in the total scores in 2014 and 2019, as seen in Figure 4, there are certain fluctuations in cities in the middle rank after 5 years, but most of the changes are not obvious. The top cities of Shanghai and Guangzhou and the bottom cities of Shenyang and Guilin had stable rankings. This is a demonstration of the “Matthew effect,” which states that the strong will always be strong and the weak will always be weak. There is also a phenomenon of solidification in the ranking of secondary indicators such as low-carbon carrying support (B1), tourism investment (B2), low-carbon environment (B4), and ecological environment (B5). Why is there such a solidification phenomenon? The main issue is the transmission mechanism relating regional economic growth to the development of tourism. Due to the outstanding polarization of economic growth in different provinces in China, it is difficult for provinces and cities with poor economic growth to provide more guarantees and supplies for tourism development. This is why the differences in the development of low-carbon tourism mainly lie in the economic and environmental dimensions, while the development levels in the social dimension are relatively similar.
[image: Figure 4]FIGURE 4 | Changes in the ranking of cities’ low-carbon tourism development.
CONCLUSION AND POLICY ORIENTATION
This research has made innovative contributions by constructing an objective indicator system for the evaluation of low-carbon tourism cities. Ten cities were selected for empirical research, and a relatively dynamic evaluation was made based on data from 2014 to 2019. The main contributions of this study are as follows:
First, this study posits that the use of objective data can better reflect the development level of low-carbon cities. Therefore, it has made objective improvements to the evaluation indicator system for low-carbon tourism cities. The selected indicator data are all from the public yearbook, which avoids the deviation of results caused by subjective differences and makes the evaluation results more effective and practical. The selection indicators are based on the connotation of low-carbon tourism cities, including the continuous output of tourism economic benefits (such as tourist growth rate and income growth rate), the tourism destination’s or the city’s resources and environmental protection (such as forest coverage rate and ambient air quality indicator), and indicators of the greenness and health of social development (such as population density, Engel’s coefficient, and green travel indicator), as well as the most important tourism industry indicators and carbon relevance. The above content constitutes a comprehensive low-carbon development evaluation system. This is an attempt from a new perspective, which will help measure the development of low-carbon tourism cities more objectively and effectively. Prior studies have mostly adopted expert scoring methods, which were too subjective. Therefore, this study employed more reasonable indicators to evaluate low-carbon tourism cities.
Second, the study area is rich in samples, and ten representative cities were selected for evaluation and ranking comparison. In the past, most studies have only focused on one research area, such as a city, a province, or a scenic spot. The number of studies has been small, and their applicability was low (Cheng et al., 2013; Cho et al., 2016). The results of this article have practical significance for the development of low-carbon tourism in these ten cities. From the comparison results of the rankings of the ten cities, it can be seen that there are some shortcomings in the development of low-carbon tourism in each city, and the differences in regional development are directly related to the development level of low-carbon tourism in the cities. The evaluation conclusions can provide a valuable reference for developing low-carbon tourism in other cities.
Third, 2-year data were selected to make a differential analysis of the relative dynamic changes in the low-carbon tourism development levels of the cities in the study area. Based on inter-annual comparisons and comparisons between cities, the study found that when the city’s economy develops to a certain level, the development of low-carbon tourism will be better. Moreover, differences in the development of low-carbon tourism result from differences in the economic and environmental dimensions rather than the social dimension, which generally shows the Matthew effect. Many previous studies on the evaluation of low-carbon tourism only conducted static analysis on data for 1 year (Shi et al., 2016; Zhang and Zhang, 2020), so they were unlikely to reveal the solidification of cities’ low-carbon development.
The key policy implications of this study are as follows: First of all, for cities that have unique tourism resources but are located in remote and underdeveloped areas, it is necessary to achieve sustained economic growth by insisting on high-quality development and providing sufficient economic carrying capacity for the development of the city’s low-carbon tourism industry. In the process of the city’s low-carbon development, the climbing stage of the environmental Kuznets curve will take a long time to pass, and it will not be easy to adhere to the goal of low-carbon development. Secondly, industrial cities located in cold regions, when developing low-carbon tourism, must overcome the dual dilemma of lagging economic growth and deterioration of the ecological environment. It is key that they must attach great importance to the long-term unresolved problem of environmental degradation (Lu et al., 2019) and coordinately promote the city’s low-carbon tourism and industrial transformation and upgrading. These cities need to develop green-oriented characteristic industrial tourism and form a structurally optimized, clean, and safe modern industrial system supported by new industries and led by green development. Finally, attention should be paid to the polarization in the development of low-carbon tourism. The central government should adopt more transfer payment methods, introduce ecological compensation mechanisms, improve ecological tourism industry standards, coordinate the promotion of low-carbon tourism development in various regions and cities, and achieve a “win-win” of poverty alleviation and low-carbon construction in each city.
This article has some shortcomings that should be addressed. For example, our evaluation indicator system and its weighting scheme may overemphasize the economic dimension. Therefore, follow-up studies can introduce more indicators of low-carbon environmental dimensions and low-carbon social dimensions. Non-provincial capital cities, other low-carbon pilot cities, and international tourism cities can also be used as evaluation objects to expand the scope of application of such evaluations and contribute to the development of low-carbon tourism in these cities. In addition, follow-up studies can try to establish normalized dynamic monitoring, control, and evaluation system for the development of cities’ low-carbon tourism and combine it with other indicators such as the evaluation indicator of ecological tourism in nature reserves and the evaluation indicator of ecological tourism health in nature reserves for a more extensive evaluation.
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China’s carbon emissions are a major global concern. China has proposed a defined “dual-carbon” aim, with the first target being to attain the carbon emissions peak by 2,030. To address this issue, this study provides a two-stage method for forecasting China’s annual carbon emissions, which is paired with pertinent carbon emissions data to predict China’s annual carbon emissions. We discovered the associated aspects affecting China’s carbon emissions through the research of this article, and we predicted the carbon emissions data from 2017 to 2020 using the two-stage technique based on these factors. When compared to the actual data of China’s annual emissions from 2017 to 2020, the prediction intervals from this method encompass the actual data well. This method, on the one hand, identifies the main affecting factors for estimating carbon emissions data, and on the other hand, it validates the method’s performance. It provides support for further policy development and change based on the outcome of this method.
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INTRODUCTION
In response to the scarcity of resources and the deterioration of the global environment, Chinese President Xi Jinping set a “dual-carbon” target in 2020, with carbon emissions peaked in 2030 and eventually neutralized in 2060, urging China to contribute to environmental conservation. In January 2022, he re-emphasized the importance of the carbon-reduction process. The key to reaching the “dual carbon” goal is the establishment of a low-carbon economy. Developing a low-carbon economy requires a shift in China’s development model, which now includes not only pursuing economic growth but also pursuing economic development while considering the environment. China’s development of a low-carbon economy will have a major impact on the world’s ecological and economic fields as the world’s second-biggest economy and largest carbon emitter. To achieve President Xi Jinping’s goal of a low-carbon and efficient Chinese economy as soon as possible, the Chinese government should formulate a reasonable development plan based on a combination of its own national conditions and relevant low-carbon economy conditions (Cheng et al., 2020; Chen et al., 2021; Du et al., 2021; Meng et al., 2021).
The primary concept is to define the process of its own carbon emissions and future changes in carbon emissions in order to better coordinate carbon reduction efforts according to local conditions and establish a low-carbon economy. Governments at all levels will be able to support a low-carbon economy only when they have clarified their own carbon emissions. The two-stage model is used in this study to fit and forecast China’s annual carbon emissions data successfully, meaning that the actual data is highly consistent with the fitted data, and the predicted value intervals completely cover the true value from 2018 to 2020. It is expected that the prediction will encourage the government to make more scientific decisions. It will also provide a powerful drive for achieving the “dual-carbon” target and developing a low-carbon economy.
This paper is organized as follows: Section Literature Review is the Literature Review. In the section, we sort out the previous research, clarifying the process and shortcomings of the previous research, and providing a reference for the research of this paper. Section Methodology is the methodology. In the section, we introduce the specific method used in this paper, and give the expression. Section Data is the data. In the section, we describe the types and reasons for data selection, the sources of data, and the data processing software used throughout the article. Section Empirical Results is the empirical results. This section contains graphs of empirical results and corresponding interpretations of model fit results. Section Conclusion and Policy Implications is the conclusions and policy implications. In this section, we summarize the research in this paper, and give the corresponding policy recommendations based on the empirical results.
LITERATURE REVIEW
In recent years, academics have focused on low-carbon economic research, hoping to discover the secret to sustaining economic growth while conserving the environment. We discovered that research on the low-carbon economy primarily begins with quantitative research after evaluating these literatures. The foundation of low-carbon economic research is quantitative study. Scholars mostly focus on mechanism analysis, influencing factor analysis, carbon emissions forecasting, and so on in quantitative research.
In the mechanism analysis, scholars have studied the carbon trading mechanism (Hu et al., 2019; Pan et al., 2020; Jin et al., 2020; Chen and Lin, 2021), discussing the quality of the carbon compensation mechanism (Gao et al., 2020; Lv and Bai, 2020), analyzing the government mechanism of the low-carbon economy (Marsden and Rye, 2010; Wright, 2013; Wu et al., 2016; Sun et al., 2019; Liu et al., 2021), and seeking efficient low-carbon economic governance methods (Zhao et al., 2011; Chen and Zhu, 2019; Keivani et al., 2020).
In the study of influencing factors, scholars mainly focus on the impact of various factors on carbon emissions. Some papers research the influencing factors of carbon emissions by country and region, such as China (Wang et al., 2016; Wang and Liu, 2017; Cao et al., 2019; Wen and Shao, 2019; Ma et al.,2019), America (Mallia et al., 2015), India (Li et al., 2018), Pakistan (Azam et al., 2021) and other regions (Sun et al., 2021); some scholars conduct research on the influencing factors of carbon emissions by industry, such as agriculture (Tian et al., 2014; Han et al., 2018; Tian et al., 2020), construction (Lu et al., 2016; Shi et al., 2017; Li et al., 2019), manufacturing (Chontanawat et al., 2020), transportation (Zhang and Wei, 2015), etc. These studies all contribute to the search for the secret to an efficient low-carbon economy.
In the exploration of carbon emissions forecasting, the main difference lies in the application of research methods. Different methods have different forecasting effects, such as ARIMA model (Ning et al., 2021; Yang et al., 2020), a New Information Priority Accumulated Grey Model with Simpson (Xiang et al., 2020), inclusive multiple model (Shabani et al., 2021), LSTM (Huang et al., 2018; Li, 2020). In this type of research, scholars strive to find a high-accuracy method that can predict future carbon emissions and closely match historical data.
By examining these literatures, we discovered that research on carbon emissions prediction is critical for the development of a low-carbon economy. However, the existing approaches for carbon emissions prediction are mainly point estimation, and the data fitting is not very close to the actual data. For this purpose, we collect data from two aspects, resource and environmental data and economic and social data, to use a two-stage model (Gamma regression and ARIMA model’s residual processing) to fit and estimate the annual carbon emissions data of China from 1999 to 2020. The result is an interval estimation rather than a point estimation. The prediction interval can cover the real data effectively by fully extracting data information, which is useful to the development of a low-carbon economy.
METHODOLOGY
The two-stage method to analyze the annual carbon emissions of China includes the trend analysis and the residuals analysis. After getting these parameters of the models of the trend and residuals, we can use these two models to predict the trend and residual respectively.
Trend Analysis
Let Zt represent the annual carbon emissions at the tth year (t = 1, 2, ..., T = 20) from 1998 to 2017. These data are left-skewed continuous in Figure 1. Since a left-skewed continuous response has a constant upper bound 12,000 in this data set, we can then analyze the corresponding right-skewed response 12,000−Zt by using some well-known distributions. Let Yt = 12,000−Zt follow the gamma distribution. For simplicity of notation, we let Gamma (μ, σ2) stand for the gamma distribution, where µ and σ denote it’s mean and coefficient of variation, respectively. Thus, if a random variable Y follows the gamma distribution, that is Y ∼ Gamma (μ, σ2), then E (Y) = μ and Var(Y) = σ2μ2. In this paper, the Gamma regression models for Yt is given by
[image: image]
but with the mean trend μt defined as
[image: image]
where xt includes intercept term and six indicators are forest coverage (x1), total energy consumption (x2), energy consumption intensity (x3), GDP (x4), industrial structure (x5) and employment structure (x6), as given in Section Data, and β is a 6-dimensional vectors of regression parameters.
[image: Figure 1]FIGURE 1 | The histogram of carbon emission and six covariates distributions skewed to the left, and the last four being positive and skewed to the right. The kurtosis for these data is −1.605, −1.130, −1.487, −1.705, −1.255, −0.712, and −1.285, all negative, meaning the distributions are flatter than the normal distribution. The data histograms in Figure 1 and the model presented in this study do not appear to contradict each other, indicating that the model is plausible.
Residuals Analysis
After the trend analysis of the annual carbon emissions of China, we could get the raw residuals Rt of the model 1, which is given by
[image: image]
Then, we use the Autoregressive Integrated Moving Average (ARIMA for short) model to fit the [image: image] and find the suitable ARIMA (p, i, q) model that describes the residual correlation.
Forecasting
We can get trend forecast values based on the trend analysis model by applying the six indicators, and the ARIMA model can produce forecasts with 95% prediction limitations at the same time. The predicted values of trend and residuals are then summed to generate the yearly carbon emissions data forecasted values (Zhang and Ma, 2021).
DATA
To investigate the low-carbon economy, we sought for data from two perspectives (Wu, 2021). On the one hand, it is concerned with resources and the environment, and we seek information on carbon emissions, forest coverage, total energy consumption, and energy consumption intensity in this regard. Carbon emissions reduction is a major goal in the transition to a low-carbon economy. Total energy consumption is a resource consumption measure that is used to reflect energy usage. The ratio of forest area to total land area, which is used to illustrate the availability of environmental resources, is known as forest coverage. Energy consumption intensity is defined as the ratio of total energy consumption to GDP, which represents the intensity of energy consumption. On the other hand, we were looking for information on the economy and society’s GDP, industrial structure, and employment structure. The gross domestic product, or GDP, is an inescapable metric for analyzing economic concerns. Because the tertiary industry is such an important supporting industry when the government is focusing on developing a low-carbon economy, the industrial structure is expressed by the contribution rate of the tertiary industry, and the employment structure is expressed by the proportion of employment in the tertiary industry. The preceding data comes from the China Statistical Yearbook and CEADs, and it spans the years 1998–2020. At the same time, this study processes the data with R software. Table 1 shows the descriptive statistics of the data, whereas Figure 1 shows the histogram of the variables.
TABLE 1 | Descriptive statistics of variables.
[image: Table 1]From the descriptive statistics presented in Table 1, it can be known that the means of the variables are 7198.272, 19.400, 325049.600, 1.006, 435509.300, 47.113, and 35.526, respectively. The standard deviations are 2850.107, 2.561, 123607.700, 0.394, 312836.800, 8.386, and 6.918, respectively. The skewness is −0.299, −0.244, −0.235, 0.084, 0.473, 0.478, and 0.402, with the first three being negative and the.
EMPIRICAL RESULTS
Trend Analysis of the Annual Carbon Emissions From 1998 to 2017
First, we performed Gamma regression fitting on the indicators’ data from 1998 to 2016, and generated parameter estimates within the 95% confidence interval using R software. Table 2 shows the results of the parameters.
TABLE 2 | The parameter estimations.
[image: Table 2]With the parameter estimated by model (1), the covariates from 1998 to 2016 are used to fit the annual carbon emissions of China from 1999 to 2017, we can obtain the fitted values, and by comparing the fitted values with the corresponding real data, Figure 2 can be drawn. From Figure 2, we can see that by collecting two aspects of data, economic and social data and resource and environmental data, as indicators, and then performing Gamma regression on the data, our model fully considers the factors affecting carbon emissions in a low-carbon economy, so that the fitted data with the real data are highly consistent, and the fitting effect is good.
[image: Figure 2]FIGURE 2 | The fitted values and the real data of carbon emissions of China from 1999 to 2017.
The variables from 1998 to 2016 are used to fit the annual carbon emissions of China from 1999 to 2017 using the parameter obtained by the model (1), and by comparing the fitted values with the corresponding real data, Figure 2 can be created. As shown in Figure 2, our model fully considers the factors affecting carbon emissions in a low-carbon economy by collecting two types of data as indicators, economic and social data, and resource and environmental data, and then performing Gamma regression on the data. As a result, the fitted data and the real data are highly consistent, and the fitting effect is good.
Residuals Analysis With the ARIAM Model
We evaluated the model residuals after the trend analysis with the Gamma model and found that they were correlated, as shown in Figure 3. The autocorrelation and partial autocorrelation graphs in Figure 3 show that using the ARIMA model to handle the data is more reasonable. Finally, to fit the residuals, we chose ARIMA (4, 1, 0). We used the Ljung-Box test on the residuals of ARIMA (4, 1, 0) to check the ARIMA model’s effect, and plotted autocorrelation and partial autocorrelation graphs, as shown in Figure 4. The p-value of the Ljung-Box test is greater than 0.05, which is 0.354, that is, the residual sequence does not violate the assumption of white noise, and the results shown in Figure 4 also meet the application requirements of the ARIMA model.
[image: Figure 3]FIGURE 3 | Autocorrelation and partial autocorrelation plots of residuals of the Gamma model.
[image: Figure 4]FIGURE 4 | Processed autocorrelation and partial autocorrelation plots of the residuals of the ARIMA (4, 1, 0).
The performance of the fitted data is not, however, the primary topic of this essay. If the predicted data is unsatisfactory, the article’s meaning will be substantially diminished. As a result, we did the following step in order to increase forecast accuracy and test it quickly: It is impossible to test whether impending carbon emissions are accurate in a short period of time because future data has not yet been obtained.
Considering the time lag in the impact of indicators on carbon emissions, we separated the data and utilized the indicators’ data from 1998 to 2016 to match the carbon emissions data from 1999 to 2017. As shown in Section Trend Analysis of the Annual Carbon Emissions From 1998 to 2017, the fitted values are similar to the real values. The covariates from 2017 to 2019 are then used to forecast carbon emissions data from 2018 to 2020, and the predicted value is compared to the actual value. This divide is obviously advantageous for swiftly testing the accuracy of the prediction algorithm in this research.
Forecasting of the Annual Carbon Emissions From 2018 to 2020
Because the information provided by point prediction is restricted, we cannot see the particular difference between the predicted and actual value. As a result, instead of just proposing point estimation findings to improve prediction accuracy, this work reprocesses the ARIMA prediction results to obtain an appropriate estimation interval. We give upper and lower bounds in this estimation range, and if the real data is substantially covered by the estimation interval, our prediction impact will be thoroughly confirmed.
During the trend prediction phase, we employ the six covariates to calculate the values of China’s carbon emissions from 2018 to 2020, after which the ARIMA model for residuals may provide the prediction value as well as the upper and lower intervals. These two components are combined from the trend prediction and residuals parts. Finally, the forecast obtained by combining these two parts can provide the prediction as well as the prediction intervals for the years 2018–2020.
Through the above empirical steps, we finally got the most representative graph in this paper, Figure 5, which contains two parts of fitting and prediction, corresponding to the Gamma regression and ARIMA model treating process in the two-stage model respectively.
[image: Figure 5]FIGURE 5 | The plots of fitted and forecast data.
Figure 5 shows that our fitted results are in good agreement with the real data during the fitting stage, indicating that we have fully considered when selecting indicators and have divided the relevant data of the low-carbon economy into two parts, resources and environment, economic and social, in a scientific and reasonable manner. Simultaneously, we can see that in the prediction stage, the median line of our interval estimate (that is, the yellow line in the figure) is consistent with the real data, and the upper and lower bounds perfectly cover the real data, fully respecting the fact that real data fluctuations are caused by random events. As a result, the two-stage model utilized in this research has proven to be effective in fitting and forecasting carbon emissions in a low-carbon economy.
The findings in this report will help governments at all levels control pollution more scientifically and correctly, reduce carbon emissions, and establish a low-carbon economy more efficiently. At the same time, in relevant prediction research, the two-stage method has a great promotion value. Predictive research in various domains can use the ideas included in the two-stage approach as a reference.
CONCLUSION AND POLICY IMPLICATIONS
We used a two-stage model to analyze and forecast China’s annual carbon emissions data in this article. Furthermore, we projected China’s carbon emissions from 2018 to 2020 based on the relation between the six covariates and carbon emissions. The findings suggest that this method can more accurately fit and forecast China’s annual carbon emissions data. This makes it easier for decision-makers to set more specific targets in the process of reaching the 2030 carbon peak. At the same time, the model’s forecasted value continues to rise, indicating that China faces a complex challenge in meeting the carbon peak target in the current mode. As a result, it is critical to encourage the development of a low-carbon economy. Finally, the key factors to pay attention to in China’s carbon emissions management process are offered based on the research of the relationship between the six covariates and carbon emissions.
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Based on 432 sets of data from three resource-based provinces in China, Anhui, Shanxi, and Sichuan, a fixed-effects model was established using panel data for empirical analysis to investigate the relationship between industrial structure, environmental pressure, and ecological resilience of resource-based cities, using entropy value method and principal component analysis to measure the industrial structure, environmental pressure and ecological resilience of resource-based cities. It is found that for resource-based cities, the economic growth mainly relies on the development of the secondary industry, which is primarily dependent on local natural resources. The empirical results show that the regional industrial structure has a significant negative impact on the cities’ ecological resilience, and the regional industrial structure has a significant positive effect on their environmental pressure. The article enriches the study of urban resilience theory and clarifies the relationship between industrial structure and environmental pressure on urban ecological resilience, which is of guiding significance to further promote the green development of resource-based cities.
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INTRODUCTION
Since the Industrial Revolution, natural resources have gradually become an important material basis for the production and manufacture of various industrial and agricultural products and play an important role in the economic and social development of a country. Countries are also paying more and more attention to the exploration and development of natural resources, and there are more and more resource-based cities with natural resource development and processing as their leading industries. In the past period of time, resource-based cities have provided strong material guarantee for regional and national energy security and industrialization level enhancement, and made outstanding contributions to China’s economic development. However, with the constant adjustment of the structure of production factors in the process of economic growth, resource-based cities are faced with dramatically increasing extraction costs and external competitiveness due to resource depletion, and resource-based cities with gradually insufficient economic development momentum (Zeng, 2013; Zhang and Wang, 2014). The early resource-based industries were developed crudely, and the development model of high input, high energy consumption, and increased pollution caused significant damage to the regional ecological environment. The environmental pollution level of some resource-based cities has approached or exceeded the “threshold” of the ecosystem (Zhao and Liu, 2013). The urban ecosystem suffers from unavoidable disturbances and impacts, not only from the ecological disorder brought about by human’s rough development patterns (Lu, 2013), but also from various natural disasters caused by natural laws, and resource-based cities are particularly affected. The impact on resource-based cities is undeniable. In the face of increasing human pressure on natural resources in economic development, urban ecosystems need to improve their resilience, which means the stability of urban ecosystems needs to be improved, i.e., the ability of cities to resist shocks, adapt, and recover aftershocks to achieve the dissipation and absorption of these disturbances (Wang et al., 2021). Most resource-based cities are facing severe pressure and challenges, on the one hand, the challenge of industrial structure transformation, in order to cope with resource depletion, resource-based cities must switch to new leading industries and seek new growth points for urban economic development; on the other hand, ecological and environmental pressure, due to the lack of environmental awareness, many resource-based cities have caused greater pollution and damage to the ecological environment during resource extraction and processing, and urban and regional ecosystems are under greater pressure (Wang, 2022). Chinese resource-based cities have difficulties in the process of economic development and transformation, among which the industrial structure and serious industrial environmental pollution are important factors limiting the transformation and development of resource-based cities (Zheng et al., 2020). In this context, it is crucial to study the relationship between industrial structure, environmental stress, and ecological resilience in resource-based cities.
The word “resilience” is derived from the Latin word “resilio”, which initially meant “to return to the original state”. As time evolved, the concept of resilience was applied to different disciplines. It was first applied to system ecology to describe the steady state of ecological systems and then gradually extended from natural ecology to human ecology. In general, the research has gone through “engineering resilience, ecological resilience, and socio-ecological resilience” (Holling, 1973). In terms of resilience theory, Canadian ecologist Holling proposed the theory of “hierarchy, chaos, and adaptive cycles,” which revealed the meaning of sustainable development. Breaking the current thinking, building the idea of steady-state equilibrium and achieving the innovative breakthrough of cross-scale dynamic interaction cycle and system. That laid the ideological foundation for the formation of urban resilience theory (Berks and Folke, 1998; Safa and Jorge, 2016). In general, the academic community has reached a certain consensus on the definition of urban resilience, which includes the ability of the urban system to coordinate and organize itself and cope with uncertain external risks. It is a combination of urban material and immaterial (Wang et al., 2021).
On this basis, existing studies have quantitatively evaluated the level of urban resilience using different perspectives and methods (Du et al., 2019), providing basic ideas for planning and constructing resilient cities (Zhang and Feng, 2019). However, few studies have combined urban industrial structure and urban environmental stress levels to investigate their effects on urban ecological resilience. Therefore, based on 432 sets of data from three major resource-based provinces, Anhui, Shanxi and Sichuan, this paper will use panel data to establish a fixed effect model for empirical analysis based on the entropy value method and principal component analysis to measure industrial structure, environmental pressure and ecological resilience of cities, and explore the role of the relationship between industrial structure, environmental pressure and ecological resilience of resource-based cities. The marginal contribution of this paper is to quantitatively measure the environmental pressure and its ecological resilience in 24 resource-based cities in China using various indicators, and to further explore the role of human economic production and social activities on the ecological resilience of resource-based cities from the perspectives of industrial structure and environmental pressure. This article theoretically enriches the theoretical study of urban ecological resilience and realistically provides theoretical and policy references for promoting the industrial transformation of resource-based cities, improving their ecological resilience, and thus promoting the construction of ecological civilization in resource-based cities.
THEORETICAL ANALYSIS AND RESEARCH HYPOTHESIS
The Impact of Industrial Structure on the Ecological Resilience of Cities
Ecological resilience focuses on depicting the coordinated development of human and environmental systems. It refers to the extent to which urban ecosystems are able to defuse change between reorganization and the formation of new structures (Zheng et al., 2013). Socio-ecological resilience further focuses on the extent to which social systems avoid collapse or unsuitability for human survival due to disasters, which focuses on how to foster and maintain the resilience of socio-environmental systems in human-nature interactions (Zhou, 2015). Research focuses on cultivating and strengthening the resilience of socio-environmental systems in the interaction between humans and nature (Zhou, 2015). The industrial structure, also known as the industrial system, is essential to socio-economic system and an expression of human economic activities. The influence between regional industrial structure and urban ecological environment is mutual. The effect of the ecological environment on industrial development is realized through environmental regulation. The promotion of environmental protection policies will inhibit the growth of high pollution and high energy-consuming enterprises. The promotion of environmental protection policies will impede the development of high pollution and high energy-consuming enterprises and promote industrial restructuring and upgrading.
On the other hand, industrial restructuring will promote technological progress and support new industries and reduce the proportion of highly polluting and energy-consuming industries and control the generation and emission of pollution at source. (Yuan and Xie, 2014). (Li, 2018) studied the Yangtze River Economic Belt and found that the regional industrial structure could aggravate the deterioration of the ecological environment. The development of the primary industry has the least pollution on the ecological environment; the secondary industry has the most significant impact on industrial solid waste emissions. The tertiary industry is conducive to improving the quality of the ecological environment (Yang and Xu, 2015). However, the data show that the proportion of secondary industry in resource-based cities is mostly as high as 60–70% or even over 80% (Li and Zou, 2018), and the development model of cities dominated by secondary industry shows the typical “path dependence” and “lock-in effect”. The development pattern of cities with mainly secondary industries shows typical “path dependence” and “lock-in effect” characteristics. The large amount of capital gathered in the highly profitable secondary industry not only hinders the pace of industrial optimization and transformation, but also aggravates carbon emissions and deteriorates the urban ecological environment (Hou et al., 2018). And a single industrial structure can cause regional locking. A single industrial structure can cause the phenomenon of regional locking, which adversely affects the anti-risk ability of cities (Martin and Sunley, 2015). Based on this, this paper proposes the following hypothesis.
[image: image]: The industrial structure of resource-based cities has a negative impact on urban ecological resilience.
The Impact of Environmental Stress on Urban Ecological Resilience
A social-ecological system is one in which human beings are at the core. In this system, human activities play a vital role in the system’s stability (Wang, 2011). The components of the social-ecological system include people and their living environment. The productive activities of humans and their living environment interact with each other and constrain each other (Zhao and Wen, 2013). In other words, the socio-ecological system includes economic production, social life, and natural system. The main body of the economic output is human material life, which changes the spatial diversity and biodiversity of the ecosystem through industrial intensification and specialization, and the economic production system provides products and services for the social life system. The main body of the social life system is the various spatial activities of human beings, and the process of the activities must be accompanied by the consumption of natural resources and the encroachment on the ecological space of the natural ecosystem (Wang and Ouyang, 2012). Especially in developing countries with rapid economic development, accelerating urbanization, and expanding urban scale, the environment is under tremendous pressure in the development process. The emissions of haze, automobile exhaust, and industrial waste gas constantly threaten the natural environment of cities and made them constrained and hindered in the development process (Cheng et al., 2019). Urban development requires sustainable natural environmental conditions, such as sound and diverse ecosystems and sufficient and available natural resources. Meanwhile, infrastructure in a suitable environment can meet the basic needs of urban development and crisis response. Good land planning and utilization policies can help reduce environmental stress in cities, all of which contribute positively to the resilience of cities (OECD 2016). However, for resource-based cities, economic development depends on the consumption of natural resources and ecological damage. While maintaining rapid economic growth and increasing economic development, it often causes severe environmental damage, and environmental pressure exacerbates the impact of the level of economic development on urban resilience (Feng et al., 2020). Based on this, this paper proposes the following hypothesis.
[image: image]: Environmental stress has a negative impact on urban ecological resilience.
The Interaction Between Industrial Structure and Environmental Pressure
The relationship between industrial structure and environmental pressure is also reciprocal. In recent years, China’s economy has continued to develop rapidly, and the process of industrialization and urbanization has accelerated significantly while the environmental problems brought about by the rough development have become increasingly serious. Cai and Li (2009) analyzed environmental pollution and economic development in China since 1991 based on a model of three wastes, per capita income, and industrial structure. They found that industrial structure had a significant effect on environmental quality, and the higher the share of industry in the national economy, the worse the environmental quality. However, other scholars found that industrial structure significantly affected ecological stress, state, response, and overall environmental quality in Hunan Province. The positive impact of industrial structure on ecology is more significant than environmental stress (Han and Li, 2010). Wan and Dong (2012) analyzed the mechanism and evolution of the coupling between industrial restructuring and environmental quality in Gansu from the perspective of industrial restructuring. They concluded that although industrial restructuring had promoted economic development, it had brought enormous environmental pressure and different industries had different pressures on the environment due to their different nature. Bai et al. (2017) studied the spatial and temporal characteristics of cities and environmental stress using the middle reaches of the Yangtze River urban agglomeration as a sample, and the results of the study showed that the scale of the urban secondary industry had a significant positive effect on regional environmental pressure. In conclusion, the industrial structure and ecological environment are mutually constrained and influenced by each other. Only an advanced and rational industrial structure can make efficient use of resources, and an unreasonable industrial structure will lead to waste of resources, environmental pollution and ecological damage (Nie, 2012). In the three industrial structures, when the secondary industry dominates, its production uses a large amount of fossil fuels, and the more energy it consumes and the more pollution it emits, the more environmental pressure will increase with the increase in the proportion of the secondary industry (Zou., 2015). Compared with other cities, the industrial development of resource-based cities is more dependent on resources, and the industrial structure of most cities is an industry-led “two-three-one-one” model, which does not have a high enough level of resource utilization and excessive pressure on resources and environment in the urbanization process (Feng and Dong, 2018). Based on the above analysis, the following hypotheses are proposed in this paper. Figure 1 shows the theoretical analysis framework of this paper.
[image: image]: Industrial structure has a positive impact on environmental pressure.
[image: image]: Environmental pressure plays a mediating role in the influence of industrial structure on urban ecological resilience.
[image: Figure 1]FIGURE 1 | Relationship between environmental pressure, industrial structure and urban ecological resilience.
STUDY DESIGN
Study Object
According to the relevant provisions of the National Sustainable Development Plan for Resource-based Cities (2013–2020) promulgated by the State Council, China has 262 resource-based cities, including 126 prefecture-level cities, 62 county-level cities, 58 counties (autonomous counties and forest areas), and 16 municipal districts (development zones and management areas). Based on this Plan, and considering the level and influence of resource-based cities, as well as the urgent factors of transformation and development, three resource-based provinces in the east, middle and west are selected for the study, namely Anhui, Shanxi and Sichuan provinces. These three provinces are rich and complete in mineral resources compared with other provinces in China, among which Anhui Province has 25 billion tons of coal reserves, 2.99 billion tons of iron ore reserves, 3.849 million tons of copper ore reserves and 564 million tons of sulphide iron ore reserves, ranking 7th, 5th, 5th, and 2nd respectively in China; Shanxi Province has the first coal-bed methane, bauxite, refractory clay, magnesium ore and Metallurgical dolomite and other 5 in China; Sichuan Province has 32 kinds of mineral reserves in the top 5 in the country, including natural gas, titanium ore, vanadium ore, sulfur iron ore and other seven kinds of mineral reserves in the first place in the country. At the same time, considering the availability, objectivity and scientificity of the relevant data indicators, the 24 prefecture-level municipal districts finally selected for the study, including Datong, Changzhi, Yangquan, Shuozhou, Jincheng, Jinzhong, Yuncheng; Anhui province, including Huainan, Maanshan, Huaibei, Tongling, Chuzhou, Suizhou, Chizhou, Xuancheng; Sichuan province, including Zigong, Panzhihua, Luzhou, Guangyuan, Guang’an, Nanchong, Dazhou, and Ya’an.
Data Sources and Construction of Indicator System
Data Source
This paper selects panel data indicators related to the socio-economic development of 24 resource-based cities from 2001 to 2018. The original data were obtained from the China City Statistical Yearbook (2002–2019), the statistical yearbooks of each city, the statistical yearbooks of the corresponding provinces, and the statistical database of the China Economic Network, starting and ending in 2001–2018, with 432 data sets.
Standardization of Data
Since the obtained data have different dimensions, orders of magnitude, and attributes, in order to show the accurate empirical results as much as possible, it is necessary to exclude the influence caused by the different units, meanings, and orders of magnitude of indicators, and this paper adopts the extreme difference method to standardize the indicators dimensionless treatment. The calculation equation are as follows.
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[image: image]
Where [image: image] denotes the standardized value of indicator i; [image: image] denotes the maximum value of the indicator series; [image: image] denotes the minimum value of the indicator series. If the larger the indicator is the better, then Eq. 1 is chosen as the standardization of the positive indicator; if the smaller the indicator is, then Eq. 2 is chosen as the standardization of the negative indicator.
Determination of Index Weights
In this paper, the entropy weight coefficient method and the principal component analysis method are mainly used to determine the weights of each index.
(1) Entropy weighting method. First, according to the n evaluation indicators and m evaluated objects, the entropy value of the I indicator is defined.
[image: image]
Where [image: image], [image: image] after defining the entropy value, the weights of the indicator [image: image] are:
[image: image]
In this Eq. 4 [image: image] is the weight of indicator I, and n is the number of indicators.
(2) Principal component analysis method.
The principal component analysis is a method of dividing the original multiple variables into a few composite indicators. It is a technique of dimensionality reduction. The study conducted the principal component analysis with the help of SPSS software. Firstly, the data were standardized and then the correlation coefficient matrix was calculated, and the correlation coefficient matrix is used to calculate the eigenvalues, contribution rate, and cumulative contribution rate of each principal component to determine each index’s composite score and weight.
Construction of Indicator System
Regarding previous studies and considering the measurability of index data, this paper selects the proportion of primary industry to GDP, the proportion of secondary industry to GDP and the proportion of tertiary industry to GDP to measure the industrial structure of each city, and obtains the industrial structure index through the entropy weight method to downscale the index. (Chen and Bai, 2020) Urban ecological resilience is mainly expressed as the ability of cities to resist ecological risks, and urban ecological risks are manifested as a sharp decrease in the area of public green space in urban construction areas, defects in sewage and waste treatment systems, interruption of energy flow and ecosystem overload. Therefore, this paper selects five indicators to measure urban ecological resilience from three aspects: green space coverage, pollutant discharge efficiency and resource reuse capacity: comprehensive utilization rate of general industrial solid waste, centralized treatment rate of sewage treatment plants, harmless treatment rate of domestic waste, park green space area and green coverage rate of built-up areas (Zhu and Sun, 2020). Among them, the comprehensive utilization rate of general industrial solid waste reflects the ability of urban ecological resources reuse; the centralized treatment rate of sewage treatment plants and the harmless treatment rate of domestic waste reflect the ability of urban resources recycling and reuse; the area of park green space and the green coverage rate of built-up areas reflect the ability of urban self-purification. The weights of each indicator are shown in the following Table 1.
TABLE 1 | Urban ecological resilience measurement index system and weights.
[image: Table 1]Environmental stress is a concept with many factors and complex connotations, which is currently defined by academics as the disturbance force on the state of the environment caused by human activities that can cause degradation of environmental service functions (Gu et al., 2005). Urban environmental pressure is mainly manifested in the impact and pressure exerted by human economic and social activities on urban ecological environment, which is mainly reflected in the occupation of urban space and the consumption of natural resources. In this paper, with reference to previous studies and the actual situation, the measurement of environmental pressure includes four aspects including population pressure, water resource pressure, energy pressure, and land resource pressure, and six indicator measures are selected accordingly (Cheng et al., 2019). The environmental pressure index system was constructed by standardizing the data through the polar difference method and applying the principal component analysis to determine the weights.
Specifically, Bartlett’s sphericity test and KMO test were performed on the indicator data from 2001 to 2018. The KMO value was 0.624 > 0.5 and passed Bartlett’s sphericity test, indicating that the sample was suitable for factor analysis, as shown in Table 2.
TABLE 2 | KMO and Bartlett’s sphericity test results.
[image: Table 2]Secondly, in order to make the factor analysis results have more reasonable economic meanings, this paper selects the maximum variance method for factor rotation. It uses the principal component method to extract the two common factors with characteristic roots more significant than 1, whose cumulative variance contribution rate is 63.55%. The variance contribution rate of common factor 1 is 41.723%, which includes the water consumption per resident, electricity consumption per resident, paved road area per resident, and total population at the end of the year in the cause factor. Factor 2, on the other hand, includes per capita household gas usage, total population at the end of the year, and natural growth rate. Finally, the weights of each indicator were calculated by weighting and summing the scores of each indicator of environmental stress with the variance contribution of each common factor as the weight, as shown in the following Table 3.
TABLE 3 | Environmental stress assessment index system.
[image: Table 3]MODEL SETTING AND VARIABLE SELECTION
Selection of Variables
Based on the above analysis, the dependent variable of this paper is the ecological resilience of resource-based cities, which is a continuous variable. The independent variables are industrial structure and environmental pressure in resource-based cities, the measurement methods of which are shown in the above analysis. The control variables are selected as total investment in fixed assets, per capita gross regional product, and gross regional product of the city. The specific meaning symbols and descriptive statistics of each variable are shown in the following Table 4.
TABLE 4 | Variable symbols and descriptive statistics.
[image: Table 4]Model Selection
Before using panel data for regression analysis, it is necessary to consider the choice of fixed-effects, random-effects, and mixed estimation models. First, the mixed estimation or fixed-effects model is determined by the F test, which shows that F (23, 403) = 9.41, F = 0.000 < Prob, and the original hypothesis is rejected, and the fixed-effects model should be chosen. Second, the Hausman test was used to determine further whether it was a fixed-effects model or a random-effects model. Since the random effects model sets the individual effect as part of the disturbance term, it requires that the explanatory variables are not correlated with the individual effect. In contrast, the fixed-effects model does not require this assumption. The Hausman test results show a significance chi (5) = 458.72 at the 5% level, p = 0.000 < 0.05, implying that the fixed effects model is superior to the random-effects model. This paper selected the fixed effects model for analysis using stata15 software with the following equation.
[image: image]
Where i represents the prefecture-level city, t represents the year, [image: image] represents the ecological resilience of the city, [image: image] is the industrial structure measure, [image: image] represents the environmental pressure, [image: image] is the total investment in fixed assets, [image: image] is the per capita gross regional product, [image: image] represents the gross regional product; [image: image] is the constant term, reflecting the individual characteristics of the interface; [image: image] is the residual term.
This paper draws on the intermediary effect test proposed by Baron and Kenny (1986) and Wen et al. (2004) to construct the following model to test whether environmental pressure plays an intermediary role in the process of an industrial structure affecting urban ecological resilience. The formula are as follows.
[image: image]
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In Eq. 6, [image: image] denotes environmental pressure, and the model is used to test whether the mediating variable environmental pressure has a significant effect on urban ecological resilience. If the coefficient [image: image] in Eq. 7 is significant, it means that the industrial structure exacerbates the environmental pressure, and then the regression of model (8) is performed. If the regression coefficients [image: image] and [image: image] are significantly negative and the absolute value of the coefficients decreases, it means that there is a partial mediating effect. If coefficient [image: image] is significant and coefficient [image: image] is insignificant, it means that the environmental pressure has a full mediating effect.
Regression Analysis
This paper uses hierarchical regression analysis of mediating variables to test the hypotheses. First, model one is constructed by putting in the control variables (GI, D, G) and the dependent variable (ER). Second, model two is constructed by putting in the independent variable (I), the control variables (GI, D, G), and the dependent variable (ER). Third, model three is constructed by putting in the independent variable (I), the control variables (GI, D, G), and the dependent variable (ET). Fourth, model four is constructed by putting in the mediating variable (ET) as the independent variable, the control variables (GI, D, G), and the dependent variable (ER). Fifth, model 5 is constructed by placing independent variables (I), control variables (GI, D, G), mediating variables (ET), and dependent variables (ER), where model two is used to test hypothesis [image: image], model three is used to test hypothesis [image: image], model four is used to test hypothesis [image: image], and models 2, 3, 4, and 5 are used to test hypothesis [image: image]. The results of the regression analysis are shown in Table 5.
TABLE 5 | Results of panel data regression analysis (1).
[image: Table 5]As can be seen from the above table, the regression coefficients of the control variables in model one all pass the significance test of p < 0.05, indicating that total investment in fixed assets, per capita gross regional product, and gross regional product have significant effects on the dependent variable, and all of them positively improve the ecological resilience of the city. The regression coefficient of the independent variable environmental stress in model two is −0.910 (p < 0.01), indicating that environmental stress has a significant negative effect on the ecological resilience of resource-based cities, i.e., environmental stress significantly reduces the ecological resilience of resource-based cities, and hypothesis [image: image] is verified. The regression coefficient of the independent variable in model three is 0.074 (p < 0.01), indicating that the industrial structure of resource-based cities has a significant effect on environmental stress, i.e., the industrial structure increases environmental stress, and hypothesis [image: image] is verified. The regression coefficient of the independent variable in model four is −0.804, indicating that at the significance level of 0.01, the industrial structure of resource-based cities will have a significant negative influence on the ecological resilience of the city, so the hypothesis [image: image] is verified. The regression coefficient of the independent variable IS in model 5 is −0.816 (p < 0.01), and the regression coefficient of the mediating variable environmental pressure is −0.923 (p < 0.01), indicating that there is no mediating effect of environmental pressure on industrial structure affecting resource-based cities, then the original hypothesis [image: image] is not valid.
According to the results of the above regression analysis, it is found that the industrial structure of resource-based cities has a significant positive effect on environmental pressure, and both industrial structure and environmental pressure have a significant negative effect on urban ecological resilience. This is because the economic development level of resource-based cities is lower than other cities and they mainly rely on the development of the secondary industry to drive economic development. Economic growth largely depends on the input of energy factors. At the same time, it is inevitable to cause a large consumption of natural resources and continuous destruction of the ecological environment, i.e., economic growth has increased the environmental pressure. The results are also consistent with the findings of previous studies, which show that the advanced industrial structure of economic growth has not yet revealed the feedback to the ecological environment, so the environmental pressure and industrial structure will reduce the ecological resilience of resource-based cities.
Heterogeneity Test
In order to further explore the influence of industrial structure and environmental pressure on the ecological resilience of cities in different spaces, the panel data are subjected to panel regression analysis in other provinces, and the regression results are shown in the table below. From the regression results, the industrial structure of all three provinces has a significant effect on the ecological resilience of cities, among which the absolute value of the regression coefficient of Shanxi province is the largest at 2.474, indicating that the industrial structure of each resource-based city in Shanxi province has a significant negative effect on the ecological resilience of its cities at the significance level of 0.01. This is followed by the absolute value of the regression coefficient of 1.693 for Anhui Province and 0.675 for Sichuan Province. The reason for this is that the economic development of Shanxi Province is more dependent on natural resources than the other two provinces, and its secondary industry has a greater proportion, so the industrial structure has a stronger effect on the ecological resilience of the city, which again verifies hypothesis [image: image]. Model three also further verifies hypothesis [image: image] that industrial structure has a positive effect on environmental stress. The industrial structure of resource-based cities exacerbates the environmental stress of cities, which is more pronounced in Sichuan Province. It is noteworthy that the per capita gross regional product (D) in the three regression models has a significant effect on urban resilience, with the regression coefficients of Shanxi and Anhui provinces passing the significance test of p < 0.05, indicating that to a certain extent the improvement of regional economic level is conducive to the improvement of urban ecological resilience. Among them, the regression coefficient is higher in Sichuan Province, indicating that the higher level of economic development in Sichuan Province has a catalytic effect on urban ecological resilience compared to other cities. The results of the test are shown in the following Table 6.
TABLE 6 | Results of regression analysis of panel data by province.
[image: Table 6]Robustness Test
In order to test the robustness of the above results, the proportion of employees in the three industries to total employees in resource-based cities is substituted for the industrial structure measure, and this variable is brought into the regression model to observe whether the results obtained are consistent with the estimated results. The results of the test are shown in the following Table 7.
TABLE 7 | Results of panel data regression analysis (2).
[image: Table 7]According to the regression results in, it is found that both industrial structure and environmental pressure have significant adverse effects on urban ecological resilience, with the negative effect of environmental pressure being more significant. In contrast, industrial structure has a significant positive effect on environmental stress, i.e., the unreasonable industrial structure of resource-based cities will aggravate the environmental stress of cities. The results of model 5 indicate that environmental stress does not play a mediating role in reducing urban ecological resilience by industrial structure. The overall robustness test results are basically consistent with the regression analysis results above, and the results of each control variable do not change significantly, indicating that the regression model is basically robust.
CONCLUSIONS AND POLICY RECOMMENDATIONS
Industrial structure and environmental pressure are the key factors affecting the ecological resilience of resource-based cities. Based on 432 sets of data from three resource-based provinces, Anhui, Shanxi, and Sichuan, this paper explores the relationship between industrial structure, environmental pressure, and ecological resilience of resource-based cities by establishing a fixed effect model using panel data for empirical analysis on the basis of measuring industrial structure, environmental pressure and ecological resilience of cities using entropy value method and principal component analysis. The results of the study indicate that:
First, both regional industrial structure and environmental pressure significantly negatively affect urban ecological resilience. The economic development of resource-based cities mainly relies on the development of secondary industry, primarily dependent on natural resources. Still, natural resources are limited, and the rough economic growth will accelerate the depletion of natural resources. As a result, these cities have to break through the dilemma caused by internal resource depletion and cope with the disturbance of the external environment at the same time. Therefore, to enhance the resilience level of resource-based cities’ ecosystems, the transformation and development of resource-based cities are imminent.
Second, regional industrial structure has a significant positive effect on urban environmental pressure. The economic development of resource-based cities relies on the consumption of natural resources, which leads to a gradual increase in environmental stresses, such as air pollution, soil degradation, natural disasters, etc. With the implementation of energy revolution strategies around the world, such as the information platform of green, safe and efficient coal mining in Shanxi Province, the recycling of coal washing, coal motor and coal chemical waste, as well as the coordinated development of new energy sources such as wind power and photoelectricity and the multi-level energy supply system of coal-bed methane power generation, the dependence of economic development on natural resources will certainly be slowed down, while reducing environmental pressure and promoting the continuous improvement of urban resilience.
Third, the separate studies of the impact of industrial structure on urban resilience in each province found that the industrial structure of resource-based cities in Shanxi province has a greater negative effect on the ecological resilience of its cities, followed by Anhui and Sichuan. The reason for that is Shanxi Province, as a major coal resource province, is dependent on coal resource consumption for its economic growth, while other provinces are relatively less resource-dependent. At the same time, it is found that the per capita gross regional product has a positive effect on the ecological resilience of cities, which means that a certain degree of economic development level is conducive to strengthening the ecological resilience of cities.
This paper combines the above research findings and puts forward the following policy recommendations.
First, accelerate the transformation and upgrading of industrial structure and improve the ecological resilience of resource-based cities. The government departments of each region should formulate reasonable industrial policies taking into account their own ecological and environmental conditions and industrial development needs. According to local conditions, select high-tech industries as the leading industries and accelerate strategic emerging industries such as new energy, artificial intelligence, energy conservation, environmental protection, green agriculture, etc. At the same time, each region should also make reasonable use of the local natural environment and vigorously develop tourism and cultural and creative industries as the representative of clean service industries, gradually optimize and improve the transformation and upgrading of industrial structure and promote the green and healthy development of the city.
Second, strengthen the implementation of environmental policies, actively guide the public to use clean energy and green consumption. At the same time bring into play the social power of social third-party public welfare organizations and non-profit environmental protection organizations to fully mobilize the public to protect the environment in order to reduce urban environmental pressure and improve urban ecological resilience.
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China’s 12th Five-Year Plan emphasizes green technological advances in energy conservation, which provides a feasible quasi-natural experimental node to study the role of green technological innovation in influencing the achievement of carbon neutrality. The difference-in-difference model examines whether China’s electricity consumption efficiency has improved since the 12th Five-Year Plan and reveals the role of green technology innovation in this process. Specifically, this paper takes 216 cities in China from 2003 to 2016 as the study sample, the midpoint between China’s 11th and 12th Five-Year Plans as the quasi-natural starting point, and uses the top 50 cities in terms of the number of listed companies as the quasi-natural experimental group. The results show that China’s electricity consumption efficiency has improved significantly since the 12th Five-Year Plan, supported by different robustness tests. The mechanism analysis finds that green technology innovation positively affects energy efficiency but is not the best option for cities with many listed companies. Cities with many listed companies can achieve energy savings by adjusting their industrial structure. Energy conservation and emission reduction policies should be formulated according to the city’s situation and give full play to green technology progress and industrial transformation and upgrading, which is of great significance to achieving carbon neutrality.
Keywords: green technology innovation, carbon neutrality, difference-in-difference model, electricity efficiency, environmental policy
1 INTRODUCTION
Since the beginning of the 11th Five-Year Plan (FYP)1, China has targeted decreasing energy consumption to make the completion of the target an assessment target for local governments at all levels. The nation wishes to control energy consumption’s momentum through structural adjustment, adoption of advanced energy-saving/low-carbon technologies, and elimination of backward production capacity. During the 11th FYP, China set a “reduction of energy consumption per unit of GDP by about 20%” as an essential binding target. However, although the goal was reached, China still faces international pressure for its carbon emission. During the COP15 Copenhagen hold in 2009, developing countries, including China, were required to take responsibility for global carbon emissions.
In order to implement domestic carbon reform while responding to international calls for China to take on more responsibility, the 12th FYP period, starting from 2011, became the most important period for the development of the environment in China. Since industrialization and urbanization were further accelerated, and energy demand increased rigidly, resource and environmental constraints became prominent. Therefore, during the 12th FYP, the implementation of energy-saving and carbon emission reduction targets in China was further strengthened under more green technology innovations and industry structure modifications. Total control measures were implemented, resulting in remarkable energy-saving and carbon emission reduction results. As statistical data shows, China’s energy conservation and emission reduction targets for the 12th FYP period are to reduce energy consumption per unit of GDP by 16%, control total energy consumption at around 4 billion standard coal equivalents, and increase the proportion of non-fossil energy consumption to 11.4%.
The proposal of energy saving, emission reduction targets, and dual carbon targets is a solid initiative to address climate change in China and brings opportunities and challenges to the development of the electricity consumption field. As a critical industry for energy saving and carbon reduction, electricity and electricity efficiency have received widespread attention (Figures 1, 2, 3). In this regard, three requirements set out in the 12th FYP for energy efficiency are related to increasing industrial electricity consumption. Specifically, first, the 12th FYP proposes to implement targets and responsibilities. The 12th FYP took regional economic development, industrial structure, and energy-saving potential into full consideration, determined the energy-saving targets according to each region’s condition, and improved the evaluation and assessment methods. Second, the 12th FYP proposes to increase structural adjustment efforts. The 12th FYP encourages the development of service and high-tech industries, actively developing energy-saving, environmental protection, new energy, and other strategic new industries to adjust energy consumption structure and increase the proportion of non-fossil energy. Finally, the 12th FYP proposes to promote technological progress, especially green technology progress in energy conservation. The proposal includes accelerating the implementation of key energy-saving renovation projects, energy-saving technology industrialization demonstration projects, energy-saving products for the people projects, and contract energy management promotion projects.
[image: Figure 1]FIGURE 1 | Policy comparison between the 11th and the 12th FYP2.
[image: Figure 2]FIGURE 2 | Major source sectors of carbon emissions3.
[image: Figure 3]FIGURE 3 | Amount of carbon dioxide emissions of different sectors4.
Given China’s very different carbon reduction performance at the end of the 11th Five-Year Plan and the end of the 12th Five-Year Plan, the timeframe at the end of 11th FYP and the start of 12th FYP provides a possible quasi-natural experimental cut-off point for discussing the carbon reduction effects of green technological innovation in the energy sector, particularly in the power sector. Hence, this paper investigates whether the efficiency of electricity consumption in China has improved since the 12th FYP. The paper also examines how key factors such as technology innovation helped to improve such a process and hopes to clarify whether technology innovation, especially green technology innovation, could help the economy achieve carbon neutrality development.
Using the city-level data in China from 2003 to 2016, this paper examines whether China’s electricity consumption efficiency has improved since the 12th Five-Year Plan by a difference-in-difference model. The results show that the electricity consumption efficiency has improved significantly, and the influential mechanism is explored as well. The main contributions of this paper can be summarized in the following aspects. First, this paper looks at the policy implications of a critical development period in China. The 12th FYP period is the most important period for environmental protection and an important stage in China’s development from middle-income to middle-developed. This paper gives a reference evaluation of the response by Chinese cities to the policy during the 12th FYP period. Second, the impact and mechanism on electricity efficiency by energy conservation and emission reduction policies are explored. Instead of carbon emissions and electricity consumption, this paper pays more attention to electricity efficiency. On the one hand, improving energy efficiency is more meaningful than simply reducing energy consumption. On the other hand, studies on reducing carbon emissions cannot distinguish between reductions in energy consumption and improvements in emissions treatment technologies. Therefore, this paper innovatively selects energy efficiency (i.e., GDP per electricity consumption) as the research object. Third, in the natural experiment of this paper, cities with more listed companies are treated as the treatment group that is affected more by stringent policies, which allows the paper to explore policy impacts at the macro level and inform micro-level research on firms policies.
The paper is structured as follows. Literature Review Section reviews the previous literature. Data and Methodology Section describes the data and sets up the model, while Results Section reports the results. Conclusion and Policy Implications Section concludes and comes up with policy suggestions.
2 LITERATURE REVIEW
As an important topic in the context of carbon peaking and carbon neutrality, the policy’s impact on electricity efficiency and its effective mechanism has attracted the attention of many scholars. The related research can be divided into two main categories: electricity efficiency and environmental policy. The literature on electricity efficiency mainly discusses the measurement approach and influential factors of electricity efficiency. Furthermore, the studies concerned with environmental policy’s impact are explored in green innovation, residential electricity consumption, building energy efficiency, and electricity efficiency at the utility or firm level.
2.1 Electricity Efficiency
Electricity efficiency has received growing attention as a key component of sustainable development to tackle energy security and poverty while addressing climate change concerns (Voigt et al., 2014). According to Lin and Zhu (2020), the measurement approach of electricity efficiency in current research can be divided into three main categories. First, single factor indexes are widely used to represent energy efficiency, such as the energy intensity, calculated by dividing the total energy consumption by real GDP (Liddle, 2010; Lin and Zhu, 2017; Voigt et al., 2014). Second, a nonparametric Data Envelopment Analysis (DEA) method is adopted to estimate energy efficiency. DEA, a nonparametric method, applies linear programming to determine the efficiency of firms without assuming a functional form of the production function. Third, the Stochastic Frontier Analysis (SFA) model is popular in recent years. SFA is a parametric method that applies statistical analysis to examine efficiency while controlling environmental factors (Li et al., 2019). This paper adopts the single factor indexes and defines electricity efficiency as the ratio of electricity use and gross output by following Voigt et al. (2014).
In addition to the measurement approach, influential factors have also attracted the attention of many scholars. Existing studies show that a great variety of factors can affect electricity efficiency, including technology, industrial structure, economic development level, population density, fiscal decentralization level, and urbanization level (Wu, 2012; Zhang et al., 2017; An et al., 2020; Lin and Zhu, 2020; Sun et al., 2021a; Sun et al., 2021b). Among them, industrial structure and technological progress are two key factors that are effective in reducing electricity consumption (Yu, 2012; Jiang et al., 2014; Jiang et al., 2015). Voigt et al. (2014) analyze regional and global energy intensity trends by using mean Divisia index decomposition, and the results show that increases in energy efficiency can be due to the use of more efficient production technologies and newer vintages of capital equipment or to changes in the structural composition of the economy (a shift towards less energy-intensive sectors).
Most scholars investigate the influence of green technological innovation on electricity consumption, and conclusions are not consistent. On the one hand, some scholars believe that technological progress could directly improve energy efficiency by improving the performance of production tools, developing new electricity-saving products, and reducing the electricity loss in the process of power transmission (Ho et al., 1999; Zhang, 2003; Li et al., 2013; An et al., 2020). On the other hand, some scholars thought that technological innovation might not increase energy efficiency directly. Using business data from China (2008–2014), Yin et al. (2018) find that the level of technical innovation has an inverted U-shaped effect on the electricity consumption of industrial enterprises. Lin and Zhao (2016) also proved a nonlinear relationship between technological progress and energy consumption. Specifically, they find that initial technological innovation would promote the reduction of energy consumption, and there would be a rebound effect when it crossed a certain threshold. Some scholars studied the interaction between technological innovation and industrial structure when they impact electricity efficiency. Rostow (1991) gave the analysis from a theoretical point of view and believed that technological innovation might also indirectly affect energy consumption by upgrading industrial structures. Voigt et al. (2014) also shed light on the interplay between structural and technological effects. Empirical results in the pieces of literature above demonstrated that green technology innovation should be considered an important, influential factor for electricity consumption and electricity efficiency.
Similarly, there is also a substantial body of literature on whether the industrial structure can curb electricity efficiency. With the theoretical framework of Newell et al. (1999), the structural adjustment from heavy to light industry is considered to reduce the energy consumption intensity and thus improve energy efficiency at a constant output level. As for the empirical works, van Megen et al. (2019) showed that changes in structure-corrected energy intensity were the main reasons for changes in electricity consumption in Switzerland, while Al-Bajjali and Shamayleh (2018) found that the structure of the economy in Jordan was significantly and positively related to electricity consumption. Similar results have also been found in Ahmed and Zeshan (2014) and Narayanan and Sahu (2014) for cases in Pakistan and India, respectively. In the case of China, Zhang et al. (2019) revealed that industrial sectors played a significant role in decoupling in China. Lin and Zhu (2020) also provide empirical results on improving the electrification level in line with the electricity substitution policy proposed by China in recent years. Although most of the literature above believes that an increase in the share of the tertiary sector can lead to an increase in energy efficiency, another view is that this effect holds only to a certain extent (Li and Lin, 2014). Therefore, it is necessary to explore further whether the industrial structure can contribute to electricity efficiency.
On the one hand, most of the literature focuses on the impact of technological innovation and industrial structure on energy consumption. Only a small portion is on electricity as an energy source and even less on electricity efficiency (rather than electricity consumption). On the other hand, there is no consensus in the past literature on whether the impact of technological innovation and industrial structure on electricity efficiency is positive or negative. Therefore, in the light of the previous literature, this paper further explores the mechanism by which policy affects electricity efficiency based on the study of policy impact, i.e., whether policy affects electricity efficiency by influencing technological innovation or industrial structure.
2.2 Environmental Policy
The policy impact on energy efficiency is an issue that has long been discussed. Scholars have discussed this issue from different aspects.
First, the empirical literature investigating the role of policies in eco-innovation activities is extensive. Using a dataset covering 23 OECD countries over the period 1990–2010, Costantini et al. (2017) provide an empirical investigation of the positive role of the policy mix in inducing innovation in energy efficiency technologies. Also, Nesta et al. (2014) explore the effect of environmental policies on innovation by using information regarding renewable energy policies, competition, and green patents for OECD countries since the late 1970s.
Second, several empirical studies have analyzed the effectiveness of policies in the residential sector or the electricity efficiency of buildings (Buck and Young, 2007; Filippini and Hunt, 2012; Filippini et al., 2014; Ramos et al., 2016; Marin and Palma, 2017). By reviewing 192 publications from January 2015 to June 2020, Sanchez-Escobar et al. (2021) conclude the contribution of bottom-up energy models to support policy design of electricity end-use efficiency for residential buildings and the residential sector. In the case of China, Lin and Zhu (2021) measure the energy efficiency and direct rebound effect of residential electricity consumption from the energy efficiency-related policies based on data from CHFS over the period 2010 to 2018.
Third, the policy impacts were also discussed from the aspect of firms or electricity utilities. Using a unique firm-level dataset from 2010 to 2014, Li et al. (2019) examine the electricity utilities’ production efficiency under the sustainable development policy reform. Also, Ying Lee et al. (2019) investigate the economic impact of an energy penalty policy on electricity-intensive firms in Ghana. By using a regression discontinuity design (RDD) to the panel data from 1994 to 2012, the results indicate that small- and medium-voltage firms are economically vulnerable to the penalty policy in the long run. In the case of China, Bi et al. (2014) examine whether environmental regulation affects the energy efficiency of China’s thermal power generation, and the results show prominent geographical characteristics. Policy impacts at the firm-level or plant-level are also investigated in other influential works (Barabutu and Lee, 2018; Ma and Zhao, 2015; Sueyoshi and Goto, 2011; Zhang et al., 2014).
In summary, previous studies have mainly explored the effects of environmental policies on green innovation, residential electricity consumption, building energy efficiency, and electricity efficiency at the utility or firm level. However, residential electricity consumption accounts for a small part (13.04% in 2015) of China’s total electricity consumption (Lin and Zhu, 2021). Most of the electricity consumption is consumed during the production process of industrial sectors. Thus it is undoubtedly vital to analyze the industrial electricity consumption efficiency. At the same time, past studies have tended to select policies that can be easily quantified (e.g., subsidiarity), leaving a relative lack of research related to the effects of policies that cannot be easily quantified. Therefore, there is a lack of research on the impact of policy implementation on electricity efficiency in the industrial sector, especially concerns about the policy environment during the 12th FYP period. This paper is willing to investigate whether electricity consumption in China has improved since the promulgation of the Outline of the 12th FYP.
3 DATA AND METHODOLOGY
3.1 Model
Since industrial energy consumption (e.g., industrial electricity consumption) and pollutants are mainly generated industrial by companies, not households or individuals, environmental policy is ultimately a policy for those companies in cities instead of cities per se. When environmental policy constraints or incentives impact cities, the authorities often start by regulating those listed companies. Such implication is because listed companies tend to have more significant disclosure obligations and greater corporate social responsibility, thus are affected by stricter supervision and leading the way for other companies. That is to say, the city with more listed companies is supposed to have better policy results. Therefore, this paper assumes that, after implementing the 12th FYP in 2010, the cities with more listed companies improved their electricity efficiency.
Furthermore, this paper provides further insight into the policy’s impact on electricity efficiency. Since the level of electricity consumption varies significantly among different industries, an industry structure change from energy-intensive to energy-saving optimization will affect the consumption of electric power resources (Shi et al., 2022). Meanwhile, power-saving technology innovation is one of the main factors restraining electricity consumption growth. Therefore, this paper assumes that the 12th FYP policy affects electricity efficiency by two factors: industrial structure and technological innovation. More specifically, whether these two moderating factors have a positive or negative effect on the impact of the policy is unknown.
A natural experiment was conducted in this paper using the Difference-in-difference (DID) model to test the hypothesis above. DID models were used to measure the impact of intervention through the difference between group and time. A DID model combines these two kinds of differences, excludes the influence of factors other than the intervention factors on the results to a certain extent, and effectively solves the problem posed by the incomplete randomization of natural experiments (Liu et al., 2021). Therefore, DID models have been widely used to evaluate policy effects. Therefore, a DID model was used to more effectively reflect the effect of the 12th FYP on the GDP capacity per unit of electricity consumption of a city.
The model set was as follows:
[image: image]
In Eq. 1, the explained variable Yit is used to measure the level of capacity per unit of electricity consumption of a city. This variable is expressed as the ratio of GDP divided by industrial electricity consumption (GDP_ELE).
Treatedi is a dummy variable for the treatment group (Treatedi = 1 if city i is among the top 50 cities in terms of the number of listed companies; Treatedi = 0, if-else) and is used to describe the difference between the treatment group and the control group. Postt is a time dummy variable [Postt = 1 when t is after the 12th FYP (2010); Postt = 0, when t is before the 12th FYP] and used to describe the difference between the two phases before after the experiment. Treatedi * Postt is an interaction term used to measure the policy effect of the experimental group. The coefficient β1 is of primary interest, and the estimated sign of β1 is supposed to be positive. εit is a random perturbation term. Figures 4, 5 plot the average GDP and electricity consumption, respectively.
[image: Figure 4]FIGURE 4 | Average electricity consumption of treatment and control groups.
[image: Figure 5]FIGURE 5 | Average GDP of treatment and control groups.
This paper also includes a series of indicators that affect electricity efficiency as control variables, Xt, as shown in Table 1. Specifically, according to Cheng et al. (2021), a high degree of fiscal decentralization is necessary for improving the environment. The fiscal decentralization level (FD) is obtained by calculating the proportion of the fiscal revenue of a city in total GDP. Also, socio-demographic factors such as population density (POPU_DEN) and urbanization level (MOD) have an impact on the GDP and thus make a difference in electricity efficiency (Wang et al., 2018). Meanwhile, following Liu et al. (2021), industrial structure (IS) and Economies of scale level (SCALE) are treated as control variables for the industrial condition.
TABLE 1 | Definitions of control variables.
[image: Table 1]Furthermore, referring to Guo et al. (2018), the degree of government R&D funding and R&D staff also make a difference in energy efficiency. Thus, the Scientific and technological level (SCI) and research and development level (R&D) are controlled. Also, following Lin and Zhu (2020), socio-demographic factors like population density (POPU_DEN) and urbanization level (MOD) are controlled as well. At last, technological innovation is also pointed out to increase productivity and reduce the amount of electricity used per unit of GDP output (Cheng et al., 2021). Therefore, this paper uses the number of green patents (PATENT) to denote environmental and technological innovation.
3.2 Data
This paper adopts the city-level panel data from 2003 to 2016 to estimate whether the efficiency of electricity consumption in China has improved since the 12th FYP. The city-level socio-economic and socio-demographic data are collected from China City Statistical Yearbook. The data on Carbon dioxide emission is collected from the Carbon Emission Accounts & Datasets (CEADs). The data on the Total Green Patent get are collected from the Chinese Research Data Service Platform (CNDRS).
The descriptive statistical results of the main variables for the 216 cities studied in this paper are shown in Table 2. The level of capacity per unit of electricity consumption of a city (GDP_ELE) has a mean of 20.6178, which means that an average of 20.6 yuan of GDP will be generated for every Kilowatt-hour (kWh) of electricity consumption. Moreover, the value of GDP_ELE ranges from 1.1489 to 545.5433, indicating the significant disparities in electricity efficiency across Chinese cities.
TABLE 2 | Descriptive statistics.
[image: Table 2]The grouping statistics are shown in Table 3. The treatment group consists of cities with more listed companies, and the control group consists of other cities with fewer listed companies. Among all the variables, only the descriptive statistics for carbon dioxide emission (CO2) and the number of green patents (PATENT) show a wide gap between the two groups. The treatment group emitted almost 250% more CO2 than the control group, while they had nearly 14 times as many green patents as the control group. The average GDP_ELE in the treatment group is 23.6465, higher than 19.7856 in the control group, indicating that the electricity efficiency of those cities with more listed companies is slightly higher. Otherwise, the descriptive statistics of the variables except CO2 and PATENT do not differ a lot between the two groups.
TABLE 3 | Grouping statistics of the main variables.
[image: Table 3]4 RESULTS
4.1 Baseline Regression
In order to investigate whether the implementation of the 12th FYP imposes a significant impact on the capacity per unit of electricity consumption of a city, a fixed-effect panel regression approach is adopted based on the empirical model (1). Corresponding estimates and statistics are shown in Table 4. The control variables are gradually added from columns (1) to (5). The coefficients of did are all significantly positive at the level of 1%, which indicates that the implementation of the 12th FYP has a significant positive impact on the capacity per unit of electricity consumption of a city.
TABLE 4 | Results of the baseline regression.
[image: Table 4]In column (5), the coefficient of did is 3.65, indicating that after implementing the 12th FYP, there is an increase in GDP per unit of electricity consumption of a city in the treatment group. The significant improvement in electricity efficiency since the 12th FYP is due to two main factors. On the one hand, the 12th FYP policy has increased the pressure on local governments to control energy consumption, especially to control electricity consumption. The 12th FYP period is the most important period for the development of the environment, so the implementation of energy-saving and emission reduction targets and stricter control standards were further strengthened in the Outline of the 12th FYP. It can be said that China’s requirements for energy efficiency in the 12th FYP period are a step up from the 11th FYP.
On the other hand, listed companies have a more remarkable ability and greater incentive to promote energy efficiency, making for better policy outcomes in cities with more listed companies. To achieve short-term results, local government officials have imposed stricter regulatory measures on those listed companies, resulting in the first motivation to improve the energy efficiency of those companies. Meanwhile, since the listed companies are supposed to disclosure more information, including their contribution to the energy-saving and environmental protection, than the other companies, stakeholders’ interest in this information and the positive benefits from these positive comments lead the listed companies to be more motivated to save energy and reduce emissions. Additionally, the ultimate purpose of the 12th FYP is not only to set constraints on electricity consumption but also to encourage economic growth (GDP). The improvement in electricity efficiency is what the 12th FYP drives. Listed companies usually have more advanced technology and develop new technologies, which gives them a more vital corporate social responsibility. As a result, listed companies are more effective in improving energy efficiency due to policy facilitation, meaning that they usually have a more remarkable ability to save on the cost of energy consumption while maintaining output.
Apart from that, the level of Fiscal decentralization has a negative impact on the explained variable, while the level of industrial structure has a positive impact on the explained variable. The former may be because the free-rider behavior among jurisdictions deteriorates the environmental quality due to an increasing degree of FD, which is consistent with the conclusion of Sigman (2014). The industrial structure (the proportion of secondary industry and tertiary industry) has a significant positive impact on capacity, which may be due to the higher proportion of secondary industry could generate more GDP than the other two industries.
4.2 Robustness Test
4.2.1 Parallel Trend Test
The underlying identification assumption for DID models is that the pre-treatment trends in the explained variable for the treatment and control groups are parallel. We test this assumption by including a set of leads and lag(s) of the policy implementation. The model was set as follows.
[image: image]
In Eq. 2, the explained variable Dit is a time dummy that takes 1 when t = 2010 + j, and βj is the corresponding coefficient. The other variables take the same meaning as in Eq. 1.
The estimated coefficients and their corresponding 95% confidence intervals are plotted in Figure 6, showing the parallel trend test results for the DID model. The results show that the coefficients were not significant until 2010 (the policy year). There was no significant difference between the treatment and control groups before the policy implementation; after 2010, most estimated coefficients were significant. Therefore, the results indicate that the overall capacity per unit of electricity consumption in the treatment and control groups had similar trends before 2010; thus, the parallel trend assumption in this DID model setting is accepted.
[image: Figure 6]FIGURE 6 | Parallel trend test.
4.2.2 Placebo Test
Referring to La Ferrara et al. (2012) and Li et al. (2016), a placebo test was also used in this study. This paper constructs a time-city randomized experiment by randomly selecting the experimental group of cities and generating the policy time; thus, a two-level randomized experiment was constructed accordingly.
Next, we run regressions according to the baseline model in Eq. 1, and the reliability of the findings was judged based on the probability of obtaining the estimated coefficients of the baseline regression from the spurious experiment. To further enhance the validity of the placebo test, the above procedure was repeated 500 times, and finally, the distribution of the estimated coefficients of did plot in Figure 7.
[image: Figure 7]FIGURE 7 | Placebo test.
If the distribution of the estimated coefficients under the randomization treatment is around 0, sufficiently important influences have not been omitted from the model set. In other words, the effects in the baseline analysis are indeed the result of the policy occurrence of interest in this paper. As shown in Figure 7, the spurious estimated coefficients of did in this placebo test are concentrated around 0 [roughly follows a normal distribution of N(−0.03, 2.962)], indicating that there is no significant omission of variables in the model setting and that the core findings remain robust.
4.2.3 Replace Explanatory Variables
The explained variable in the baseline regression means the capacity per unit of electricity consumption and the savings in electricity consumption. Since a city’s carbon emissions are closely linked to its energy consumption, this paper introduces the GDP generation per unit of carbon dioxide emission as a replacement explanatory variable to test the robustness of the results. Table 5 reports the estimates and statistics results of this replacement explanatory variable, and the control variables are gradually added from columns (1) to (5).
TABLE 5 | Results of GDP per unit carbon dioxide emission as the explanatory variable.
[image: Table 5]The coefficients of did are all significantly positive at the level of 1%, which indicates that the implementation of the 12th FYP has a significant positive impact on the capacity per unit of carbon emission of a city. In column (5), the coefficient of did in the regression of all control variables is 14.99, indicating that after implementing the 12th FYP, there is an increase in a city’s GDP per unit carbon emission.
In addition, a range of control variables is significant at the level of 1% under this regression. Control variables, including the fiscal decentralization level, scientific and technological level, urbanization level, and economies of scale level, have a negative impact on the explained variable. In contrast, the level of research and development, population density, and industrial structure positively impact the explained variable.
4.2.4 Exclude Extreme Values
This paper regressed the data after excluding the 1 and 5% extreme observations from the sample according to the dependent variable for considering the possible impact of extreme values. The regression results are shown in Table 6. Columns (1) and (2) show the results of 1% extreme observations exclusion, while columns (3) and (4) show the results of 5% extreme observations exclusion.
TABLE 6 | Results of excluding the 1 and 5% extreme observations.
[image: Table 6]The coefficients of did are all significantly positive at the level of 1% as well after excluding 1% extreme observations, the coefficient of interest increases, while it decreases a little after excluding 5% extreme observations. They indicate that the influence of the extreme observations is negligible and that the estimation results of the baseline regression are robust.
4.2.5 Exclude Observations
According to the Statistical Yearbook of Urban Construction (2019), published by the Ministry of Housing and Urban-Rural Development at the end of 2020, six megacities in China, including Shanghai, Beijing, Chongqing, Guangzhou, Shenzhen, and Tianjin. Since the GDP and electricity of those megacities are always much more massive than the others, those observations may impact the final coefficients as well. Therefore, we also run a regression without those six megacities to estimate the results’ robustness. Table 7 reports the corresponding results. The regression coefficient did remain positive and significant; thus, this robustness test also passed.
TABLE 7 | Results of excluding six megacities.
[image: Table 7]4.3 Mechanisms Analysis
A mediation effect model is applied to understand how the 12th FYP policy affects electricity efficiency. As assumed before, the 12th FYP policy affects electricity efficiency through industrial structure and technological innovation.
In terms of industry structure, Shi et al. (2022) point out in their study that, on the one hand, when the continuous industrialization process has promoted the consolidation and enhancement of China’s industrial industry, which is the main source of electricity consumption, a significant increase exist in electricity consumption. Thus the impact of industrial structure on electricity consumption is positive; on the other hand, when China emphasizes industrial structure optimization and adjustment (i.e., shifting the industrial structure domination from high energy-consuming industries to green industries), the impact of the change in industrial structure on electricity consumption is inhibited. Therefore, when we discuss the efficiency of electricity consumption (i.e., GDP per unit of electricity consumption), it becomes even more ambiguous whether the moderating effect of industrial structure is positive or negative.
Scholars generally believe that technological innovation, especially green technology, promotes energy efficiency. Wei et al. (2007) used the Malmquist exponential decomposition method to study the energy efficiency of the steel industry from 1994 to 2003, and the results showed that the key to improving energy efficiency lies in technology innovation. However, when Tan et al. (2019) analyzes the impact of technology innovation under different energy categories, they find that technology innovation contributes mainly to coal technology and comprehensive energy-saving technology, while the technological contribution in the electricity sector is not significant. At the same time, the research also proposes that because of the high cost of technology innovation, it is unsure that companies will develop new technologies to improve energy efficiency when other routes exist. Hence, it is ambiguous whether the moderating effect of technology innovation, especially green technology innovation, is positive or negative.
These hypotheses are tested through the model as follows.
[image: image]
Mit is the mediation factor, representing industrial structure (IS) and green technological innovation (PATENT). In particular, the industrial structure is the proportion of secondary industries in total GDP, and technological innovation is measured by the sum of the authorized quantity of all green patents (including invention patent, utility model patent, and design patent).
In this model, β2 is the coefficient of the interaction term of didit (i.e., Treatedi×Postt) and Mit, which is the coefficient of interest. If β2 >0, the corresponding mediation factor is estimated to promote the effect of the implementation of the 12th FYP on electricity efficiency, while it is estimated to alleviate the effect of that if it is negative.
Table 8 demonstrates the estimation results of the mediation effect model. Column (1) provides the estimates of industrial structure as the mediation factor without control variables, while column (2) provides that with control variables. The coefficient of the interaction term, IS×did, is estimated to be negative at the significance level of 1%, which means that cities with a higher proportion of secondary industries. The promotion effect of the implementation of the 12th FYP on the capacity per unit of electricity consumption is weakening. That is to say, listed companies in the secondary industry tend to have lower productivity per unit of electricity used, while those listed in the tertiary industry are relatively more efficient and economical in electricity consumption. Under the influence of the 12th FYP, cities with more listed companies (treatment group) can change the industrial structure by promoting the development of listed companies in the tertiary industry, thus achieving electricity consumption savings.
TABLE 8 | Results of the mediation effect model.
[image: Table 8]From another aspect, columns (3) and (4) in Table 8 provide the estimates of technological innovation as the mediation factor. Here, the coefficient of PATENT is significantly positive at the 1% level; thus, the effectiveness of technological innovation is verified generally. However, the ineffectiveness of technological innovation is verified in those treatment cities since the coefficient of the interaction term, PATENT×did, is estimated to be significantly negative. That is to say, technological innovation has dragged down their electricity efficiency rather than boosting the capacity per unit of electricity used in the treatment group of cities. It can be inferred that technological innovation is not the best option for energy savings in cities with more listed companies.
Further more, the results did not show a significant change after introducing IS and PATENT in the model simultaneously, as shown in columns (5) and (6).
5 CONCLUSION AND POLICY IMPLICATIONS
This paper assesses the effect of implementing the 12th FYP on China’s electricity efficiency by DID model, based on the city-level data of China from 2003 to 2016. In particular, 2010 is treated as the policy year. The top 50 cities in terms of the number of listed companies are treated as the treatment group. As a result, the improvement of electricity in the treatment group after the policy year is verified, and different robustness tests support the results. Moreover, the mediation effect model shows the mechanism of this impact, that cities with more listed companies can change the industrial structure by promoting the development of listed companies in the tertiary industry, thus achieving electricity consumption savings. At the same time, technological innovation is not the best option for energy savings in cities with more listed companies.
Several policy recommendations could be made based on the research’s empirical results. First, additional energy-saving and emission reduction policies and evaluation standards according to the specific conditions of different cities should be considered. As research results show, cities with higher economic activities will affect more effectively by carbon reduction policies for their electricity efficiency. Also, these cities should take more responsibility for carbon reduction. Hence, higher economic-related cities should be more concerned with policies when future carbon reduction is made.
Second, the improvement of industrial structure is proved to have been more widely applied in the cities with more listed companies, thus how to efficiently transform industries and encourage the development of the tertiary sector while reducing the energy consumption and carbon emissions of the secondary sector, is the next step that deserves attention.
Third, new policy support should consider that green technology innovation is ineffective in improving electricity efficiency. Technological innovation should be the fundamental means of driving electricity efficiency. Therefore, the government should consider more direct technological innovation support policies to promote the practical application of green technological innovation in the energy systems of China’s economically active cities in order to ensure the continued optimization of electricity efficiency in these cities and to contribute to the achievement of green and sustainable economic development.
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FOOTNOTES
1FYP is a national governmental program of planned, coordinated, and cumulative economic and social development over a period of 5 years. In China, 11th FYP refer to the period of 2006–2010.
2Data Source: The Central People’s Government of the People’s Republic of China (URL: http://www.gov.cn/zwgk/2011-09/07/content_1941731.htm).
3Data Source: Climate Change and Sustainable Development Research Institute of Tsinghua University (URL: http://iccsd.tsinghua.edu.cn/).
4Data source: Carbon Brief, IRENA, Climate Change and Sustainable Development Research Institute of Tsinghua University (URL: http://iccsd.tsinghua.edu.cn/).
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In the context of China’s path to industrialization advancement, environmental problems are becoming increasingly serious. Therefore, the cultivation of green technology innovation has become an urgent task during the current industrialization development. According to the “Porter hypothesis,” environmental regulation is an important driving force for green technology innovation. Environmental tax is a typical environmental regulation, although it was implemented late in China. Green technology innovation is one of the long-term effects of environmental tax collection. Using multiple regression analysis and taking Chinese manufacturing enterprises as samples, this study constructs and tests a model of environmental tax promotion and its effect on green technology innovation, revealing the micro-mechanism of environmental tax incentives and also finding that sufficient environmental tax incentives are lacking. The strategy of green technology innovation cultivation for manufacturing enterprises in China under the current environmental tax regulation is provided in this article in order to provide a current theoretical reference point for the development of China’s ecological economy.
Keywords: environmental protection tax law, environmental regulation, manufacturing enterprise, green technology innovation, Porter hypotheses
INTRODUCTION
China’s economic development has made great strides owing to advances in industrialization; however, simultaneously, the environmental crisis is rapidly approaching. From the start of the Chinese economic reform and opening-up up to 1996, carbon dioxide emissions in China rose sharply. In this period, there were 5 years with stable data, subsequently followed by more rises (Han et al., 2017). Therefore, for China’s ecosystem, there is a “U”-shaped relationship between environmental pollution and economic growth, which has not reached a turning point (Bilgili et al., 2021). In this context, in China, green technological innovation has become not only an essential channel for deepening the industrialization process but also an important driving force for the development of the environmental economy.
Green technologies refer to the sum of technologies, processes, and products that can reduce environmental pollution, decrease raw material waste, and improve energy efficiency (Wang et al., 2019). With the environmental crisis approaching, green technology innovation is being derived from green technology. Green technology is a special technological innovation that encompasses and integrates the concepts of “green,” “technology,” and “innovation.” It is an innovative activity that enables adaptation to the development of the environmental economy, meeting the needs of environmental protection, and decreasing risks to the ecological environment (Hall et al., 2019).
In today’s world, environmental regulation has become an incentive for green technology innovation. In the early 1990s, Michael Porter of Harvard University proposed that reasonable environmental regulation could encourage enterprises to intensify environmental innovation and establish competitive advantages in the green market. Commonly referred to as the Porter hypothesis, this soon became a basic theoretical direction in the development of the environmental economy (Stoever and Weche, 2018).
Environmental regulation is a kind of tangible system and intangible consciousness that constrains individuals or organizations to protect the environment. It can be divided into formal environmental regulation and informal regulation. The former refers to laws, regulations, and behavioral norms implemented by public power to improve the ecological environment, while the latter refers to the external expression of residents’ environmental consciousness (Kong and Qin, 2021). China’s pollution problem is not entirely caused by rapid economic development; imperfect environmental regulations are the main cause (Zhang et al., 2019).
Environmental protection tax is a typical environmental regulation, which has a long history in European and North American countries and plays an important role in ecological environment protection. However, the effect of China’s environmental protection tax has lagged behind in terms of environmental protection. At the end of 1978, China implemented the pollution charging system by drawing lessons from the experience of developed countries. After 4 years of pilot projects, in 1982, the Interim Measures for Collection of Pollution Charges was promulgated, which marked the establishment of China’s pollution charging system. However, there were many shortcomings in the pollution charging system, such as not being compulsory and the lack of stationarity, which led to higher flexibility in the charge collection, and ultimately led to the implantation of fee-to-tax reforms.
On 1 January 2018, China’s Environmental Protection Tax Law was officially implemented. Fee-to-tax reforms enabled China to make full use of the mandatory and binding nature of the law, to impose legal sanctions on highly polluting enterprises, to promote energy conservation and emission reduction among enterprises, and to devote itself to the cultivation of green technology innovation ability. Therefore, the Environmental Protection Tax Law is a powerful tool to protect the ecological environment by using strict laws.
It was a long road, over 10 years, from the proposal to the final implementation of China’s Environmental Protection Tax Law. In 2007, the State Council deployed the “Energy Conservation and Emission Reduction Comprehensive Work Plan.” In 2008, three departments (the Ministry of Finance, the State Taxation Bureau, and the National Environmental Protection Bureau) jointly launched research work on environmental protection tax. In 2010, the Chinese Communist Party (CPC) Central Committee officially raised the goal of environmental protection tax collection in its “Suggestion on Developing the Twelfth Five-Year Plan of National Economic and Social Development.” In 2013, the CPC Central Committee emphasized this again in its “Decision on Solving Significant Questions on Comprehensively Deepening Reform,” vigorously promoting environmental protection fee-to-tax work. In 2014, in the “Government Work Report,” the State Council highlighted the need to speed up the legislative work of the Environmental Protection Tax Law in China. In November 2014, the Ministry of Finance, the Ministry of Environmental Protection, and the State Taxation Bureau submitted the “Environmental Protection Tax Law of the People’s Republic of China (Draft)” to the State Council. In 2015, the State Council published the Draft publicly, asking for suggested changes from the whole of society. From August 29 to 3 September 2016, at the 22nd Meeting of the 12th Session of the National People’s Congress Standing Committee, the Draft was reviewed for the first time. On 25 December 2016, at the 25th Meeting of the 12th Session of the National People’s Congress Standing Committee, China’s Environmental Protection Tax Law was formally accepted and was finally implemented on 1 January 2018.
For a long time, since there had been no independent tax mechanism for environmental protection, China’s tax system had not been able to truly reflect the environmental costs of goods and services. After introducing the Environmental Protection Tax Law, the governance and financial relations between the central government and local government in terms of environmental governance became clearer, which led to local government being more actively involved in environmental management and ecological monitoring, and strengthened the responsibility of enterprises in relation to energy conservation and emissions reduction. The Environmental Protection Tax Law represents China’s first green tax, which entails significant challenges for its collection and management.
The driving effect of environmental regulation on green technology innovation has attracted widespread attention. Zhou et al. (2020) pointed out that, under the Porter hypothesis, environmental regulation has a theoretical driving effect on enterprises’ green technology innovation. However, in many regions and industries in China, this driving effect is not obvious. According to Ranocchia and Lambertini (2021), with the deepening of the eco-economy, environmental regulation has become an important channel to drive the growth of enterprises’ green technology innovation ability, which has attracted the attention of all countries in the world. Wei and Zhang (2020) pointed out that China’s environmental regulation is in a developing stage, and that it does not yet have a strong driving effect on green technology innovation, requiring further deepening at the micro-level. Song et al. (2020) pointed out that, in Western countries, environmental regulation is a mature driving force for green technology innovation, and has become an indispensable core element in the development of ecological economics, which China should learn from.
Under the environmental regulation, the incentive effect of China’s Environmental Protection Tax Law on green technology innovation has become a research hotspot. Chen et al. (2016) pointed out that the progress of environmental protection technology is one of the macro effects of environmental protection tax collection, which helps to improve the environmental quality and to promote the development of the green economy. Takeda and Arimura (2021) found that there is a lag in the promotion effect of an environmental tax on enterprises’ green technology innovation, i.e., current environmental tax can increase the R&D investment and number of patent applications of enterprises in the next period, subsequently leading to the green technology innovation effect of enterprises showing the characteristics of high quality. Garon and Séguin (2021) asserted that the introduction of environmental protection tax can effectively play the green regulatory role of tax leverage, improve the environmental awareness of enterprises, strengthen pollution reduction, and drive green technology innovation.
Manufacturing enterprises are the backbone of a country’s national economy and are at the heart of global competition. However, manufacturing enterprises, including a large amount of highly polluting industries, are also the most significant contributors to environmental pollution, which makes them the key targets of environmental governance. Thus, manufacturing enterprises have become the main body driving the growth of the ecological economy. They represent the main target of the regulation and restraint enacted via the Environmental Protection Tax Law, and has an inescapable responsibility in the development of China’s green technology innovation strategy.
Under the Porter hypothesis, as a typical environmental regulation, China’s Environmental Protection Tax Law has a certain promotion effect on the green technology innovation of manufacturing enterprises. Due to its imperfections, however, it needs to be improved. Existing research has recognized, explained, and discussed the incentive value of environmental protection tax, but with some obvious defects. One defect is the existing research mostly focuses on environmental regulation policy and emissions trading system, but seldom on environmental protection tax. Another defect is the research is limited on how environmental protection tax influence green technology innovation. The existing research combined environment tax together with pollution emission fees and R&D subsidies, and carried out the study on green technology innovation. But it fails to analyze the microscopic mechanism between green technology innovation and environment tax regulation, and failed to find the specific path to further deepening incentives.
As an independent tax on green industry in China, environmental protection tax is an effective, preventive, and long-term means of environmental economic policy, which is a very important part in environmental economic and policy system. It will impact profoundly on China’s environment improvement and micro enterprise behavior. Thus, the contribution of this article may be as follows. Firstly, new research perspectives. By constructing multiple multivariate regression model, this article can accurately evaluate how environmental protection tax influences the green technology innovation. Secondly, this article analyzes different green technology innovation strategic behavior under the pressure of environmental protection tax by different enterprise type and size. Finally, this article extends the environment tax regulation effect, which can enhance the green technology innovation capability of manufacturing enterprises and reduce the harm done to the environment by manufacturing industry, to promote the smooth development of ecological economy in our country.
RESEARCH MODEL DESIGN
The Promotion Effect of the Environmental Protection Tax Law on Manufacturing Enterprises’ Green Technology Innovation
The implementation of the Environmental Protection Tax Law has directly or indirectly promoted the green technology innovation of manufacturing enterprises in China, and it represents an important driving force for the growth of green technology innovation.
First of all, the Environmental Protection Tax Law strengthens the green technology innovation strategy of manufacturing enterprises. The Environmental Protection Tax Law improves enterprises’ awareness of emission reduction in rigid ways, changes their production and operation concepts, guides enterprises to continuously increase investment in environmental protection and pollution control, reduces pollutant emissions, considers economic and environmental benefits as a whole, and improves the environmental social responsibility of enterprises (Ohori, 2012). The Environmental Protection Tax Law transfers the social costs entailed by pollution emissions to the production and operation costs of enterprises, which reduces the profits of enterprises and increases the resistance to their operation. In order to survive and develop, enterprises can only change their ideas, strengthen green technology innovation, and improve green core competitiveness. If they are content with the status quo, they will inevitably be eliminated by the fiercely competitive market.
Second, the Environmental Protection Tax Law increases manufacturing enterprises’ need for green technology innovation. The Environmental Protection Tax Law measures tax according to the “three wastes” emission (waste gas, waste water, and waste residues) of enterprises, which leads to enterprises facing direct tax pressure. The fewer pollutants discharged by enterprises, the less tax will be levied. On the contrary, the more pollutants discharged, the more the tax will be levied. With the increasing calls for global environmental protection, the pressure on environmental protection in China is also increasing, more taxes are being levied on the discharge of the “three wastes,” the cost of enterprises is higher, and the profits are reduced. In this context, enterprises have to shift their strategic focus to green technology innovation, seeking a breakthrough in this area to enable them to beat their rivals (Nakada, 2020). Once seen as leaders in green technology innovation, enterprises will gain an advantage over the market competition.
Third, the Environmental Protection Tax Law provides the means for green technology innovation in manufacturing enterprises. The Environmental Protection Tax Law guides enterprises in saving energy and reducing emissions through the flexibility of the tax law, carries out differential collection according to the concentration value of pollutants discharged by enterprises, and sets two preferential tax rates of 50 and 75%, thus encouraging enterprises to update energy-saving and environmental protection equipment and to improve production technology, which subsequently increases enthusiasm for cleaner production among enterprises. Since the implementation of the Environmental Protection Tax Law, many enterprises have deeply felt the pressure of rising costs, so they have actively reduced harmful emissions through green technology innovation, and sought tax relief accordingly (Speck, 2017). The implementation of a preferential tax system provides the impetus for the green technology innovation of manufacturing enterprises, especially for high pollution manufacturing enterprises, such as leather, rubber, chemistry, paper making, and the petrochemical industry. The driving force of green technology innovation is thus stronger.
Fourth, the Environmental Protection Tax Law clears the obstacles for the deepening of green technology innovation in manufacturing enterprises. The implementation of the Environmental Protection Tax Law has effectively cracked down on environmental violations and improved the intensity of environmental credit management, which has not only created favorable conditions for pollution control but also opened up a good space for green technology innovation. After the implementation of the Environmental Protection Tax Law, the opportunistic behavior of enterprises has clearly been reduced, especially opportunistic behavior in environmental protection. Instead, enterprises honestly implement technological innovation and integrate green ideas and concepts into process improvement. Opportunistic behavior is the natural enemy of technological innovation both in Western countries and in China (Zárate-Marco and Vallés-Giménez, 2015). For manufacturing enterprises, by overcoming opportunistic behavior, the Environmental Protection Tax Law not only clears the ideological obstacles but also clears the mechanism obstacles for the deepening of green technology innovation.
Finally, the promotion effect of the Environmental Protection Tax Law on green technology innovation in manufacturing enterprises has begun to appear. The Environmental Protection Law has achieved a smooth transformation of China’s green tax system, from the sewage tax system to the environmental bonded system. After more than 2 years of implementation, it has played a clear driving role in green product design, green industrial innovation, and “three wastes” emission control. The effect is clear in many industries (Kou et al., 2021). Although there are differences in the breakthrough directions of green technology innovation in different industries, and even the breakthrough paths of green technology innovation in different enterprises in the same industry, on the whole, the promotion effect on green technology innovation has been widely recognized by society. With the improvement of the enforcement intensity of the Environmental Protection Tax Law, the scale effect of green technology innovation will become increasingly significant.
The Choice of Core Independent Variables
For manufacturing enterprises, the application benefits of the Environmental Protection Tax Law are reflected in manufacturing enterprises’ widespread cognition of its value. The higher the cognition of manufacturing enterprises, the better the implementation effect of environmental protection law will be, and the better green technology innovation will be. Manufacturing enterprises’ cognition of environmental protection law is embodied in five aspects: convenience; rationality; fairness; transparency; and compulsion (Böhringer and Müller, 2014).
Here, convenience refers to taxpayers’ perception of a good service attitude, the simplicity of the service mode, and the high efficiency of the service platform. Rationality refers to the perception of taxpayers regarding the rationality of the tax band, the rationality of tax measurement, and the rationality of taxation time. Fairness refers to taxpayers’ perception of fairness in terms of tax discretion, preferential object identification, and the undifferentiated property rights of enterprises. Transparency refers to taxpayers’ perception of tax collection standards, processes, and the results of information disclosure. Finally, compulsion refers to taxpayers’ perception of the strictness, impartiality, and authority of the implementation of environmental protection tax.
Therefore, in the research model design, we adopt five variables as core independent variables: environmental tax convenience; environmental tax rationality; environmental tax fairness; environmental tax transparency; and environmental tax compulsion.
The Choice of Control Variables
First of all, the scale of enterprises has an impact on the effectiveness of green technology innovation. To a certain extent, the implementation of enterprises’ green technology innovation strategy is influenced by the scale of enterprises, including not only the number of personnel but also the value of fixed assets. Under different scales, enterprises will adopt different levels of green strategies. The influence of enterprise scale on green technology innovation presents different forms in different environments. However, for manufacturing enterprises in China, the influence direction of enterprise scale on green technology innovation is not clear.
Second, the establishment date of enterprises has an impact on the effectiveness of green technology innovation. According to Porter’s organizational learning theory, as organizations, enterprises also have their own common vision, mental model, and systematic thinking. Therefore, with the accumulation of “experience,” the green technology innovation strategy of enterprises will be constantly adjusted. Enterprises will adopt different green development strategies in different development periods. The response of manufacturing enterprises in China in this context is complicated, and there is no clear path dependence at present.
Third, the type of enterprise has an impact on the effectiveness of green technology innovation. Chinese enterprises are generally divided into large enterprises, medium-sized enterprises, and small enterprises. Under the regulation of the Environmental Protection Tax Law, different types of enterprises have different green technology innovation strategies, and no regular path has yet been found. The enterprise type is different from the enterprise scale because enterprise types are generally set by relevant government departments, corresponding to different tax standards.
Finally, enterprise attributes have an impact on the effectiveness of green technology innovation. Chinese enterprises can be divided into three categories according to their attributes: state-owned enterprises; private enterprises; and foreign-funded enterprises. Enterprises with different attributes have different understandings of green environmental protection values, different behavior patterns, as well as different levels of respect for, and perceptions of, environmental protection law. Further, there are differences in the impact on the effectiveness of green technology innovation. In many economic management studies, attention has been paid to the influence of enterprise attribute differences in China.
Therefore, in the research model design, five variables are selected as control variables, namely enterprise personnel scale, enterprise fixed assets scale, enterprise establishment time, enterprise type, and enterprise scale. Among them, the first three control variables are common control variables and the last two are binary control variables.
The Choice of Dependent Variables
Green technology innovation has a compound structure, including many elements. Meirun et al. (2021) divided enterprises’ green technology innovation into three basic elements: green product innovation; green process innovation; and “three wastes” treatment innovation. Green product innovation refers to innovation in the environmental adaptability of products, i.e., the consumption process of products contributes to the protection of the ecological environment. Green process innovation refers to the innovation of products in the production process, i.e., the production process of products increasingly meets the needs of cleaner production. Innovation in “three wastes” treatment refers to the innovation of products in relation to waste treatment, i.e., enterprises continuously improve the treatment efficiency of waste water, waste gas, and waste residues, thus reducing the harm of these “three wastes” to the environment.
Therefore, in research model design, we choose three variables as dependent variables: green product innovation; green process innovation; and “three wastes” treatment innovation.
Establishment of the Research Model
According to the above analysis, taking green product innovation, green process innovation, and “three wastes” treatment innovation as dependent variables, the research model is constructed as shown in the following formulae:
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The characteristics of the independent variables, control variables, and dependent variables are shown in Table 1.
TABLE 1 | Variable characteristics.
[image: Table 1]RESEARCH MODEL TEST
Sample Data Collection
In this study, we used a seven-point Likert-type scale to collect sample data from Chinese manufacturing enterprises. Interviewees of manufacturing enterprises gave subjective judgments on the values of five independent variables: environmental tax convenience; environmental tax rationality; environmental tax fairness; environmental tax transparency; and environmental tax compulsion. For the values of the three general control variables (the scale of enterprise personnel, the scale of fixed assets, and the time of enterprise establishment), we first divided them into seven sections and then selected them one by one. The values for two binary control variables (enterprise type and enterprise attribute) were determined by the specific attributes of the enterprise. The values of three dependent variables (green product innovation, green process innovation, and “three wastes” treatment innovation) were judged by the environmental protection agency where the enterprise is located. This sample survey lasted for 1 month from March 1 to March 31, 2020, and 200 valid samples were obtained. The characteristics of the samples are shown in Table 2.
TABLE 2 | Sample characteristics.
[image: Table 2]Research Model Test
Based on 200 sample data, using SPSS18.0 software, we carried out the multicollinearity analysis of the research model using the correlation coefficient matrix method (see Table 3). Because the correlation coefficient between variables is generally small, there is no multicollinearity problem in the research model.
TABLE 3 | Correlation coefficient matrix.
[image: Table 3]Based on multicollinearity test, on 200 sample data, using EViews18.0 software and OLS regression method, we tested the research models, respectively, and the test results are shown in Table 4.
TABLE 4 | Research model test.
[image: Table 4]According to the results, the influence by environmental taxation mandatory (p < 0.01, p < 0.001, and p < 0.001) and enterprise scale (p < 0.01, p < 0.05, and p < 0.001) to green product innovation, green technology innovation, and the “three wastes” treatment innovation are significant (p < 0.01, p < 0.001, and p < 0.001). The influence by fixed assets scale to green product innovation is the most significant (p < 0.001), while the influence to “three wastes” treatment innovation is not significant (p < 0.1). The influence by environmental tax transparency to green product innovation, green technology innovation, and the “three wastes” treatment innovation is not significant (p < 0.1). After the fitting degree comparison among models [image: image], [image: image], and [image: image], we found out that all models have higher significance level (p < 0.01). The fitting degree of model 1 ([image: image]) is the highest (Adjust R2 = 0.66). But the Adjust R2 of [image: image] and [image: image] are below 0.6. Therefore, in order to obtain more precise results, we conducted robustness test.
Robustness Test
In order to make the results more reliable, we used different data to re-estimate the model to verify the estimated results (data source: from another set of questionnaires with the same questions). Compared with the previous results, it can be seen that in the estimation result of the second model, although the coefficient of each parameter has changed, the sign and significance of the corresponding parameter have not changed significantly. The estimated coefficients of all models are above 0.5, and the equation fitting effect is good. Therefore, it can be judged that our regression model is robust. Table 5 lists the regression results of the second test using the new data.
TABLE 5 | Robustness test.
[image: Table 5]Analysis of the Results
According to the test results, the implementation of the Environmental Protection Tax Law not only improves the intensity of ecological environmental protection in China, but also promotes the growth of green technology innovation in manufacturing enterprises. However, the distribution of this promotion effect is rather uneven; in fact, it is extremely lopsided. There is still much room for expansion, requiring further deepening and improvements. However, from the perspective of green technology innovation cultivation, under the regulation of Environmental Protection Tax Law, the progress of green product innovation is the most obvious, followed by green process innovation, while “three wastes” treatment innovation is the weakest.
According to the test results for the independent variables, it can be seen that environmental tax compulsion has the strongest promotion effect on green technology innovation, followed by the convenience and rationality of environmental tax, and the fairness of environmental tax, with the transparency of environmental tax being the weakest. Specifically, the results reveal that:
• Environmental taxation has an obvious promotion effect on green product innovation, green process innovation, and “three wastes” treatment innovation.
• The convenience of environmental taxation clearly promotes the innovation of green products and green processes, but does not promote “three wastes” treatment innovation.
• The rationality of environmental tax has an obvious promoting effect on green product innovation and green process innovation, but does not promote “three wastes” treatment innovation.
• Environmental tax transparency has no promotion effect for green product innovation, green process innovation, or “three wastes” treatment innovation.
• Compulsory environmental taxation has a clear promotion effect on green product innovation, green process innovation, and “three wastes” treatment innovation.
According to the test results for common control variables, it can be seen that:
• The larger the scale of enterprise personnel, the less the effect on green product innovation will be. The larger the scale of fixed assets and the longer the establishment time, the greater the effect on green product innovation of will be.
• The larger the scale of enterprise personnel, the less the effect on green process innovation will be. The larger the scale of fixed assets, the more effective the green process innovation will be. The establishment time of enterprises has no effect on green process innovation.
• The larger the scale of enterprise personnel, the less the effect on “three wastes” treatment innovation will be. The scale of fixed assets and the establishment time of enterprises have no influence on “three wastes” treatment innovation.
According to the test results for the binary control variables, it can be seen that:
• Under the regulation of environmental tax, the effect of green technology innovation for medium-sized enterprises is the most obvious, mainly reflected in green product innovation and green process innovation, followed by large enterprises, with the weakest effect seen in small enterprises.
• Under the regulation of environmental tax, the green technology innovation effect on foreign-funded enterprises is the most obvious, followed by private enterprises, and the weakest effect is seen in state-owned enterprises.
CONCLUSION AND POLICY RECOMMENDATIONS
Research Conclusion
According to the model’s test results, the research conclusion of this article is summarized as follows:
• The implementation of the Environmental Protection Tax Law not only improves ecological environment protection in China, but also promotes the growth of green technology innovation among manufacturing enterprises. This article also verifies that the promotion effect on green product innovation by environmental tax is the most significant.
• The mandatory feature of environmental tax effectively promotes enterprises’ implementation of green technology innovation. In contrast, the transparency of environmental tax’s influence on the green technology innovation is the weakest.
• The relationship between enterprise personnel scale and green product innovation is negative. In contrast, greater enterprise asset scale and operation time can effectively promote green technology innovation.
• Under the environmental tax regulation, there is no positive relationship between enterprise scale and green technological innovation. In contrast, medium-sized enterprises are more willing to undertake green technology innovation.
• Under the influence of environmental tax, green technology innovation initiatives are mainly seen in foreign capital enterprises, while this effect is weakest in state-owned enterprises.
Policy Recommendations
According to the analysis of the test results, combined with the investigation of the status quo of green technology innovation cultivation of manufacturing enterprises in China under the regulation of Environmental Protection Tax Law, we can suggest some specific strategies for green technology innovation cultivation among manufacturing enterprises in China under the regulation of the Environmental Protection Tax Law.
First, it is necessary to improve the transparency of environmental taxation. China’s tax authorities pay little attention to the positive and negative effects of transparency when collecting environmental tax, which is not conducive to exerting the incentive effect of environmental tax. Transparency is one of the core elements of modern taxation, which has always attracted great attention in Western countries. Transparency is a powerful support for fairness. Only by ensuring a high degree of transparency can we maintain a certain degree of fairness. When paying environmental protection tax, every manufacturing enterprise also cares about the payment by competitors and wants to know whether it is treated fairly, which needs to be backed up by transparency. Information disclosure is an effective way to improve transparency; local tax authorities should gradually increase and expand the width and depth of environmental tax collection information in the tax system, so that the promotion effect of transparency on green technology innovation ability can achieve convenience, rationality, and compulsion as soon as possible.
Second, to vigorously promote “three wastes” treatment innovation under the environmental tax regulations, the following is suggested. At present, “three wastes” treatment innovation in China’s manufacturing enterprises is mainly driven by mandatory environmental tax, and other factors have not yet shown an obvious driving effect. It can be seen that in the treatment of “three wastes,” China’s manufacturing enterprises generally lack initiative and enthusiasm, which has become a blind spot for environmental tax incentives. If the rationality, fairness, and transparency of environmental tax collection are improved, “three wastes” treatment innovation will also be improved. Tax incentives for “three wastes” treatment can be continuously adopted and detailed deeply, different preferential standards can be formulated for different industries, preferential grades for the same industry can be created, and tax-paying enterprises can be actively encouraged to suggest improvements. The collection and preferential results should also be made public. In this way, tax-paying enterprises will pay more attention to the technological innovation of “three wastes” treatment and increase the input of manpower and material resources.
Third, improvements are needed in the accuracy of sewage data accounting. The collection of environmental tax is based on sewage data, but the current accounting accuracy of sewage data is not high, which has a certain impact on the fairness and transparency of tax revenue, and thus inhibits green technology innovation to a certain extent. Some enterprises have installed automatic monitoring systems for pollutant discharge. However, most enterprises have not installed such systems, requiring instead manual verification by tax authorities and making direct and indirect judgments based on data obtained from the enterprise’s production ledger, water consumption, electricity consumption, energy consumption, and market sales. If the tax department’s sense of responsibility is not strong, manual accounting may produce deviations. Even with automatic monitoring equipment, due to the inconsistency of data standards, there will also be deviations. All these deviations restrict the growth of enterprises’ green technology innovation ability and hinder the development of China’s ecological economy.
Fourth, it is recommended to set several preferential tax rates and continuously improve fairness. According to the test results, by improving environmental tax fairness, manufacturing enterprises’ innovation abilities for green technological innovation and “three wastes” treatment will be continuously enhanced. At present, setting several preferential tax rates plays an important role in improving tax fairness. The main strategy is to classify multiple reduction levels by pollutant density, which means that the lower the emissions, the lower the tax rate adopted, according to the pollutant density standard. For example, if the pollutant emission is 70% lower than the national or local standard, the environmental protection tax rate will be 20%. If the pollutant emission is 90% lower than the national or local standard, the environmental protection tax rate will be 10%. This means that more taxpayers can enjoy tax reductions. It would also be helpful to make full use of the stimulating and adjusting effect of the Environment Protection Tax Law in order to reveal the technological innovation potential of green manufacturing enterprise. At the same time, we suggest that we can focus on enterprise energy consumption by applying higher energy consumption tax rate (Kassouri, 2022). For different types of manufacturing enterprises, the tax incentives need to be different and need to be flexibly adjusted according to industry characteristics.
Fifth, there is a need to pay attention to the influence of enterprise personnel scale and fixed assets scale when implementing green technology innovation and cultivation under the regulation of Environmental Protection Tax Law. At present, the scale of enterprise personnel hinders green technology innovation, which also reflects the low efficiency of green innovation of enterprise personnel in China, which is an issue that needs to be addressed by enterprises. In a mature ecological economy, the larger the scale of personnel, the stronger the overall ecological awareness of enterprises, and the stronger the atmosphere of green technology innovation. At the same time, the scale of fixed assets does not promote “three wastes” treatment innovation, which shows that the structure of fixed assets of enterprises is unreasonable, focusing only on the allocation of fixed assets at the front end of the production line, but not on the back end of the production line. Therefore, appropriate adjustments need to be made.
Sixth, there is a need to make full use of the incentive effect of the Environmental Protection Tax Law for green technology innovation among large state-owned enterprises. According to the test results, the incentive effect of environmental tax is weaker in large enterprises, and lowest in state-owned enterprises. Therefore, large-scale state-owned enterprises should be the focus of incentives, and a more detailed, scientific, and controllable tax scheme should be formulated. This would enable large state-owned enterprises to play a leading role in green technology innovation. Large state-owned enterprises make up half of China’s national economy and gather huge amounts of human capital and physical capital. If large state-owned enterprises lack vitality in green technology innovation, China’s ecological economic development will suffer many obstacles. Under the existing system in China, the realization of the goal of environmental tax collection mainly depends on tax incentives for large state-owned enterprises, but it seems that this journey still has a long way to go.
Seventh, there is a need to learn from foreign manufacturing enterprises’ green technology innovation skills and experience in the context of the Environmental Protection Tax Law. According to the test results, under the Environmental Protection Tax Law regulation, foreign enterprises do much better in terms of green product innovation, green technology innovation, and “three wastes” treatment innovation than state-owned enterprises and private enterprises. Therefore, the state-owned enterprises and private enterprises should learn from foreign enterprises to enhance their green technology innovation ability. State-owned enterprises, in particular, should pay great attention to green technology innovation property rights incentives, because this is an aspect that is even weaker than in private enterprises. State-owned enterprises and private enterprises should primarily learn from foreign enterprises in terms of consciousness of abiding by the law, the concept of energy conservation and emissions reduction, green technology upgrades, etc. Since the implementation of the Environmental Protection Tax Law, foreign enterprises have responded positively to re-plan the enterprise development strategy and readjust the key direction of green technology innovation according to the tax law, achieving good results. In contrast, state-owned enterprises and private enterprises have adopted relatively passive coping strategies, lacking initiative, and enterprising spirit. Thus, the incentive effect on green technology innovation property rights is significantly lower than that of foreign enterprises.
Finally, there is a need to improve the harmonious relationship among different departments in relation to environmental protection tax collection. Environmental protection tax is a kind of professional tax of a highly technical nature, with many tax categories, complex testing, measurement, and verification process, and high management costs, all of which pose a big challenge for China’s tax administration. According to the test results, the Environmental Protection Tax Law has had some promotion effect on manufacturing enterprises’ green technology innovation in China. However, there remains much room for improvement. Strengthening the coordination among departments will greatly facilitate manufacturing enterprises’ green technology innovation. China’s Environmental Protection Tax Law has created a model of tax collection and administration combined with “enterprise declaration, tax collection, environmental monitoring, and information sharing.” It has clarified the responsibility and collaboration mechanism between the tax authority and the environmental protection department, which helps to define the guarantee mechanism of the environmental protection tax. However, in the current tax collection process, we find that the rights and obligations of the tax authority and the environmental protection department need further clarification, that the degree of information needs to be improved, that the mechanism of cooperation and communication needs to be further optimized, and that the professional talent needs to be deployed. In this way, the green environmental protection tax driving force for technological innovation can be further strengthened.
RESEARCH LIMITATION AND PROSPECTS
In this article, the research has some limitations. Environmental protection tax has “double dividend” effect, which is not only a theoretical issue but also an empirical question. In this article, in the process of design variables, the “double dividend” is not considered when exploring the influence by environmental protection tax to enterprise green technology innovation.
The present study highlights are two key areas for future research. First, this study concludes that environmental tax can stimulate the innovation of green technology. However, the implementation of environmental tax needs to be promoted by the government. Therefore, in future research, government involvement can be one of the control variables, which would help in studying the government’s impact on environmental tax and green technology innovation. Second, in this article, we have studied the direct influence on green technology innovation of environmental tax. Considering that there is a research gap on the direct influence with different backgrounds, further research is required from the perspective of the intermediary effect, which will significantly improve the research mechanism for studying environmental tax as a driver of green technology innovation.
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In recent years, China’s green development has entered a new stage with profound changes in development conditions. Progress in development has put forward higher requirements for the safe and stable operation of the financial and economic environment. This paper predicts the default probability of the scale of green bond debt that should be repaid by municipal governments in Shandong Province from 2020 to 2022 and combines the KMV-Logistics mixed model to provide new ideas for the existing local government debt early warning indicator system. This paper draws the following main conclusions: On the whole, it is predicted that the debt situations faced by local governments in Shandong Province in issuing green bonds from 2020 to 2022 are as follows: the municipalities with high debt risks in 2020 include Dezhou, Liaocheng, and Zaozhuang; the cities with high debt risk in Shandong Province in 2021 include Linyi, Heze, Dezhou, and Weihai; the cities in Shandong Province with high debt risk in 2022 include Dezhou, Heze, Rizhao, and Zaozhuang, among which, Zaozhuang and Dezhou have been in high-risk states for three consecutive years. Therefore, in order to reasonably control the debt risks faced by local governments in Shandong Province issuing green bonds, it is necessary to take multiple measures to strengthen the supervision of local government debt borrowing methods, dynamically monitor and prevent local government debt risks, and effectively strengthen the management of local government debt funds.
Keywords: green bond debt risk warning, KMV model, principal component analysis, logistics model, risk handling
1 INTRODUCTION
At present, carbon peaking and carbon neutralization are one of the key tasks of the Chinese government’s economic work. China has made remarkable achievements in green development over the years. Supported by the upgrading of traditional industries and guided by the development of green emerging industries, China has promoted technological innovation, created jobs and reduced the negative impact of economic and social development on resource and energy consumption and the environment, while maintaining steady economic growth, which is inseparable from the vigorous construction of local governments at all levels, while in the process of continuous development, the issuance of green bonds by local governments in China also contains debt risks.
Economic development and social construction cannot be separated from local government debt, which means borrowing future funds to provide financial support for the construction of local infrastructure. In order to meet the needs of development, the central government and Shandong Province have issued a series of management measures to scientifically manage government debt. In 2017, the Shandong Provincial Government issued relevant documents by the General Office of the People’s Government from the perspective of risk prevention and debt resolution, which clearly point out the relevant policies and targeted measures related to the prevention and control of debt risk, including controlling the scale of new local government debt and coordinating the cooperation between the government and social capital within a reasonable range. As of December 2019, the total debt of governments at all levels in Shandong Province was 1.31 trillion yuan, and the debt ratio was seventy-seven percent. For green bonds in Shandong Province, in 2016, the Bank of Qingdao was approved as the first urban commercial bank in China to issue green financial bonds. At present, the bank has 8 billion yuan of green finance bonds on deposit, and all the funds raised are invested in the green sector. In 2017, Qingdao Rural Commercial Bank and Yantai Bank were approved as green financial bonds, with 3 billion yuan and 1 billion yuan remaining, respectively. In 2018, Weihai Commercial Bank and Qilu Bank were also qualified to issue, with deposits of 2 billion yuan and 3 billion yuan, respectively. As for the proportion of green bonds issued in Shandong Province, according to the research report on China’s green bond market 2019, the number of green bonds issued and the size of green bonds issued in 2019 accounted for 1.32% and 1.65% of the total number of green bonds issued and the size of green bonds issued in 2019, respectively, which was higher than the level of the same period in 2018 (the number of green bonds issued accounted for 0.9% and the issuance scale accounted for 0.78%), indicating the rapid development of the green bond market, but there is still a large space for future development. Although the government’s debt is controlled within the scope of the government’s affordability, the government is still facing a high comprehensive debt ratio and is under great pressure to repay external debts in the short term. The Outline of the 14th Five-Year Plan points out that in the next step of implementing the financial security strategy, the government should continue to improve mechanisms for identifying, assessing, and effectively preventing and controlling debt risks, improve mechanisms for dealing with defaults in the bond market, prudently defuse hidden local government debt, severely punish evasion of debts and waste, and improve mechanisms for identifying and warning major risks.
Therefore, these problems are the key issues to be solved urgently in China during the transition period. This paper takes this as the starting point for in-depth discussion. By observing the fiscal and debt data of 16 prefectures and cities in Shandong Province from 2015 to 2019 and conducting empirical analysis in combination with the KMV-Logistics mixed model, the paper aims to evaluate and warn of the debt risks faced by local governments issuing green bonds in Shandong Province and put forward targeted suggestions.
2 LITERATURE REVIEW
Research on the risks, causes, and characteristics of government debt. Local government’s financial system, large scale debt financing channels, and investment expenditure lead to the risk of government debt default. Academics first paid attention to the risk of government debt. Buiter (1985) put forward that if the government defaults on the debt it should bear, then the fiscal stability of this policy will inevitably be affected. Hildreth and Miller (2002) and other experts hold the following view on local government debt: under the premise of sufficient financial funds, the government does not need to raise funds from outside; if its own fiscal revenue is not enough to meet the needs of local economic construction, it can obtain enough funds to invest in local economic construction through debt to maintain the sustainable development of the local economy. Fenn and Liang (1997) estimated the cross-sectional relationship between open market repurchases and accounting data for a large sample of dividend-paying and non-dividend-paying firms over a 12-year period. It found that repurchases are positively related to proxies for free cash flow and negatively related to proxies for marginal financing costs. Fu et al. (2013) pointed out that there are many reasons for the expansion of government debt scale, but the fundamental reason for the high risk of government debt at all levels is the separation of powers and responsibilities. Mao et al. (2018) constructed a DSGE model and found that the scale of local government debt would show a cyclical change, which was mainly affected by the impulse of government investment. Sun et al. (2021) indicated that institutional quality matters in energy efficiency improvement and that being close to China with a good institutional framework has a positive effect on China’s energy efficiency. He and Jia (2020) discussed the fiscal relationship between the central and local governments within the framework of modern monetary theory, and pointed out that the competition for the promotion of local officials and China’s fiscal system leads to the risk of the growth of local government debt scale. Khan et al. (2021) analyzed the impact of financial innovation and sustainable economic growth on the credit risk of ASEAN banks by applying the panel corrected standard error (PCSE) method and found that both variables are important factors of credit risk. The study not only benefits the management of ASEAN national banks but also helps the entire financial industry and their respective regulators understand the credit risk behavior of ASEAN banks in relation to financial innovation and economic growth.
Research on the traditional early warning model. Leigland (2010) used the KMV model to study and analyze the government debt problems of emerging countries. Hana (1998) first proposed an important concept to analyze government debt, “the fiscal risk matrix.” Han et al. (2003) introduced the KMV model into the field of government debt analysis in China and used this model to measure government debt risk by optimizing some parameters of the model. Bohn (2007) constructed a dynamic fiscal response function model to assess the risk of government debt based on the sustainability of government revenue. Jiang (2011) used the revised KMV model based on the debt data of Jiangsu Province from 2000 to 2008 and put forward the debt scale that Jiangsu Province can bear under the premise of controllable risk and financial stability. Xie and Chen (2012) combined the BP neural network method with grey correlation theory, and found that the amount of local government debt showed a significant increase trend during the 3 years from 2007 to 2009, which led to debt risk spiraling out of control. Li et al. (2013), basing on the theoretical assumption that the debt undertaken by the government can be transferred, believe that default risk will not occur in local governments in China. On the basis of existing research, Ismailescu and Phillips (2015) analyze the determinants and implications of the initiation of sovereign bond credit default swap (CDS) transactions. For countries with high default risk, CDS initiation offers significant price efficiency advantages in the underlying market. Li et al. (2016) constructed a nonlinear model with limited constraints to improve the current local government debt risk warning mechanism. Fang and Chai (2017) used the KMV model to select provinces with typical significance in the four regions of the east, central, west, and northeast, respectively, to measure the debt default rates of local governments with different maturities and sizes, and based on the calculated data, determine a reasonable amount of government bonds to issue. Wu and Zhang (2018) used the KMV model to calculate the probability of debt default in each province in China in the future, and the result is that, with the passage of time, the risk of local government debt has gradually emerged, and there are different differentiation trends between the west and east. By using the two-dimensional framework of flow and stock, Hong and Hu (2018) concluded that the debt risk of the government in the western region is significantly higher than that of the eastern region. Xu and Liu (2018) used the revised KMV model to assess the debt risk of 31 provincial local governments in China and pointed out that if we want to develop the current local government debt sustainably, the scale of funds needed has exceeded the scope of fiscal revenue.
Research on the early warning index system. Pei and Ouyang (2006) integrated some indicators on the balance sheet and income statement into a complete early-warning indicator system by using quantitative analysis, based on which the risk of government debt in many places can be assessed. By building an empirical recursive model, Pang and Li (2015) studied in detail the influence of the following indicators on the debt burden ratio, namely the real growth rate of GDP, inflation rate, real interest rate, and unemployment rate. The sustainability model of local government debt constructed by Diao (2016) points out that the risk of local government debt in sustainable development is affected by fiscal expenditure, debt stock, and macroeconomic invisibility. Sun et al. (2020) used the Interpretive Structural Modeling methods to establish a hierarchical structure of the risks involved. The results showed a strong correlation among the risk factors. The risk databases of the BRI need to be established in order to ensure efficient green investments. Zhang et al. (2021) used the entropy method to study and analyze the structural debt risk of local governments in 30 provinces and cities in China. They comprehensively evaluated the default and expectation of local government debt and pointed out those 13 cities were in a medium-early warning state. Li et al. (2016) transformed debt risk into a model with nonlinear programming but limited constraints, hoping to improve the current early warning mechanism. Jin et al. (2020) designed a set of debt risk early-warning index systems based on the debt operation process.
With the unremitting persistence of experts and scholars from all walks of life, two methods were finally formed: one is the structured model method; the other is the statistical law method. In practical applications, structured models are mainly used to collect data, build analysis models, test relevant indicators, and evaluate risk levels, while the statistical law method is more often used to explain the probability of debt default when issuing green bonds based on relevant knowledge of statistics. The above methods were originally used at the enterprise level and have been applied to the study of government debt. The application of evaluation indicators has gradually developed from qualitative to quantitative, and the measurement of tolerance has also developed from only vague measurement indicators to more accurate measurement. Combing through the existing studies, it can be found that local government debt is a real and common problem for all countries, which has attracted the attention of many experts and scholars at home and abroad. Although government borrowing is a necessary means to carry out financial investment and develop the local economy, there are also many risks in finance and the economy that may intensify the contradiction between fiscal revenue and expenditure to a certain extent and undermine the existing financial stability. After sorting out the relevant literature, this paper also provides references and ideas for the empirical analysis methods and index selection of the debt risks faced by local governments in Shandong Province when issuing green bonds.
3 MATERIALS AND METHODS
In this paper, the three principal component factors extracted from the KMV model and the principal component analysis are brought into the binary logistics model for regression. By constructing the binary logistics model for regression analysis, the results of the objective early warning model and the subjective evaluation model are combined. The comprehensive early warning model was obtained to further predict the debt risk of green bonds issued by municipal governments in Shandong province from 2020 to 2022.
3.1 Construct the Model
Logistic regression analysis is a simple and practical example of a generalized multiple regression model, which is widely used in statistical early warning. Model early warning is widely used in western developed countries and was used in the field of company management in its early stages. With the development of computer science, it is gradually being used in economic forecasting and financial risk prediction. The model is divided into univariate early warning models and multivariate early warning models. The most important part of model early warning is to establish a mathematical model to predict the research object. The logistic model used in financial early-warning research usually takes the number of financial indicators as independent variables, the credit status of the research object as the dependent variable, and establishes the regression equation of the two financial forecasting models, so as to apply to the enterprise’s future credit prediction. Compared with the early linear regression model, the logistic model has the following advantages and characteristics: the model assumes that the cumulative probability distribution of events follows the Logit distribution, so the default rate can be limited between (0 and 1) through the transformation form, and the model has no strict restrictions on the distribution and continuity of explanatory variables. The explanatory variable may be a continuous variable or a categorical variable and may follow a normal distribution or any other distribution. Dependent variables can be set as binary or multi-classification variables according to the purpose of the study, which is conducive to the fine classification of enterprise credit. In view of the advantages of the logistic model, the model has a wide range of applications in solving practical problems.
In this paper, the binary logistics model is used, and the regression principle of the model is as follows:
[image: image]
Among them, if [image: image] value represents the probability of the occurrence of an event, then [image: image] represents the probability that the event will not occur. [image: image] is the natural logarithm of [image: image], denoted [image: image], wherein, [image: image] are to explain the variables, [image: image] is the explained variable. [image: image] is a constant. The following model can be obtained by calculation after formal conversion of Eq. 1:
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3.2 Sample Selection and Data Sources
This paper takes the 16 prefecture-level cities in Shandong Province as a whole, selects the fiscal revenue data of those 16 prefecture-level cities in Shandong Province, and processes and analyzes the data so as to estimate the risk of debt default faced by the Shandong provincial government in issuing green bonds in the future. Firstly, according to the KMV model, the expected local government debt default rates of 16 cities in Shandong Province from 2020 to 2022 are obtained, and the evaluation and prediction are made from the perspective of objective evaluation methods. In this paper, the default rate of output is assigned by the binary classification method as the explained variable input model and the explained variable input mixed model as the comprehensive warning model. According to the principal component analysis method, three principal component factors are extracted from the selected eight original index variables. From the perspective of subjective evaluation methods, these principal components can better describe the level of local government debt risk and facilitate evaluation and prediction. The three principal components are input into the mixed model as the explanatory variables of the comprehensive early warning model. By constructing a binary logistic model for regression analysis and combining the results of the objective debt ratio prediction model and the subjective risk measurement model, a comprehensive early warning model can be obtained to predict the risk status of debts faced by local governments in Shandong Province when issuing green bonds. The data source comes from the government debt report of the Shandong Provincial Finance Department.
4 EMPIRICAL ANALYSIS
4.1 Descriptive Statistics on the Current Situation of Local Government Debt in Shandong Province
As shown in Table 1, Qingdao has the highest average debt scale and Rizhao has the lowest. The most stable debt scale is in Binzhou city, while the largest fluctuation is in Qingdao city. The largest debt volume is in Qingdao, while the smallest debt volume is in Zaozhuang city. The main data source for the empirical analysis part of this paper is mainly the debt data of local governments in Shandong Province. By the end of 2019, the debt scale of the Shandong provincial government will have exceeded 1.3 trillion yuan, which has increased by 8 percentage points compared with 2018, and the amount has increased by more than 160 billion yuan. Among the liabilities of the Shandong provincial government, the scale of the general debt is more than 600 billion yuan. The amount of special debt has also reached more than 600 billion yuan, and the ratio of general debt to special debt is about 1:1. The debt scale of the Shandong provincial government is second only to Jiangsu Province among all provinces in China. Shandong Province’s debt rate is more than 75 percent, ranking fourteenth in China. China’s debt warning line is 100 percent, and the debt scale of Shandong Province is below the warning line. However, attention should be paid to avoid the continued expansion of the debt scale and a further deterioration of the debt situation. Among the country-level cities in Shandong Province, the first-level government debt accounts for more than 90 percent of the total debt in the province, and the debt proportions at the provincial, municipal, and county levels are 8.54%, 39.81%, and 51.65%, respectively. Compared with the debt situation of Shandong Province in 2018, the debt situation in 2019 has not changed significantly, but from the perspective of the maturity structure of government debt, the distribution is more reasonable. From 2020 to 2023, the proportion of debt due to be repaid in Shandong Province was 7.9%, 17.0%, 12.5%, and 18.1%, respectively. Since then, the amount of government debt to be repaid in Shandong Province is still more than 40%. In 2019, the balance of local government debt in the province accounted for more than 2% of the general budget revenue. In other cities, including Dezhou, Weihai, and other eight cities, the government debt is more than 2%, among which the debt of Dezhou is more than 3%. Compared with the scale of its debt, the local fiscal revenue and expenditure in Shandong Province are seriously unbalanced. Shandong Province is facing a serious fiscal deficit. The proportions of Binzhou and Liaocheng are relatively low, with a proportion of 1. The general public budget revenue of these two cities can offset the amount of government debt. By comparing the other six cities, including Qingdao and Jinan, it is found that Jinan and Qingdao enjoy a high level of economic development, the debt repayment situation of local governments in these two cities is good, and the debt structure is reasonable. Among the debts of the Shandong provincial government, local government debt is the most important part. In this study, there is no data collection on the public replacement of government debt in Shandong Province, so in the results of this study, there will be a situation where the risk assessment and prediction values are higher than the actual values. The relationship between debt levels and economic growth can be analyzed by observing the debt level of various cities in Shandong province and combining them with the debt levels of local governments and different local economic development conditions. Figure 1 is obtained by sorting out the debt balance data of 16 cities in Shandong Province from 2015 to 2019.
TABLE 1 | Descriptive statistics of regional debts in Shandong Province
[image: Table 1][image: Figure 1]FIGURE 1 | Broken line chart of the debt balances of cities in Shandong Province from 2015 to 2019 (unit: 100 million yuan).
As shown in Figure 1, the changes in debt levels of various cities in Shandong province from 2015 to 2019 were analyzed. Horizontally, the debt level of prefecture-level cities has increased continuously as a whole. Longitudinally, the debt of Heze City in 2015 was only 20.7 billion yuan, and by 2019, the debt of Heze had the fastest growth in the province, more than twice that of 2015. In 2019, the cities with debts exceeding 100 billion yuan in the whole province are Qingdao, Jinan, Yantai, and Weifang. Most of the other cities have debts of more than 30 billion yuan. At the end of 2019, compared with 2015, the debt levels of all prefecture-level cities had increased significantly.
From the perspective of economic development and debt situations in Shandong Province, some cities in Shandong Province are developing rapidly, with high GDP and total economic output, and also have relatively good debt structures and solvency, while other cities have poor economic development, low GDP, unreasonable debt structures, and poor solvency. Therefore, the risk of debt default on issuing green bonds in the future is also higher.
4.2 Calculation of Local Government Debt Default Rate and Extraction of Principal Component Factors
4.2.1 Measurement of the Default Rate of Local Government Debt
In this paper, the KMV model is used to predict the growth rate and volatility of fiscal revenue available for debt repayment from 2020 to 2022 in 16 cities in Shandong Province, as well as the sum of principal and interest on debt to be repaid every year and the predicted value of [image: image] in the future. Let T = 1,2, and 3 of the predicted default rate be put into Eq. 3, and the default distance and expected default rate P (P = N (−DD)) of local government debt of 16 cities in Shandong Province from 2020 to 2022 can be obtained by calculation, and Table 2 is obtained.
[image: image]
TABLE 2 | Forecast of default distance and expected default rate of debt of 16 cities in Shandong Province from 2020 to 2022
[image: Table 2]4.2.2 Extraction of Principal Component Factors
By observing the fiscal and debt data of 16 cities in Shandong Province from 2015 to 2019, it is found that the original data of the indicators used as follow-up research have obvious trends, and the grey Verhulst model is used to estimate the data from 2020 to 2022. The commonly used indicators to measure debt risk selected in this paper are as follows: X1 (GDP Growth Rate), X2 (Deficit Dependence), X3 (Deficit Rate), X4 (Debt Dependence), X5 (Change Rate of Fiscal Revenue and Expenditure), X6 (Growth Rate of Fiscal Revenue) X7 (Proportion of Tax Revenue to Fiscal Revenue), and X8 (Debt Growth Rate). After further calculation, the eigenvalue matrix of the principal component coefficient is shown in Table 3.
TABLE 3 | Eigenvalue matrix of component coefficient.
[image: Table 3]As can be seen from the data in Table 3, the meanings expressed by the three principal component factors screened and determined are given by observing their original variable coefficients:
In the first principal component [image: image], the coefficients of the three indicators of deficit rate, deficit dependence and debt dependence, are relatively large. According to the economic meaning of the three indicators, [image: image] is identified as an evaluation indicator that can reflect the financial expenditure structure of local governments.
In the second principal component [image: image], the coefficient of the proportion of tax revenue to fiscal revenue and the rate of change of fiscal revenue and expenditure are relatively large. According to the economic significance of these two indicators, [image: image] is identified as an evaluation indicator that can reflect the financial quality of the local government.
In the second principal component [image: image], the coefficient of debt growth rate and fiscal revenue growth rate is relatively large. According to the economic significance of these two indicators, [image: image] is identified as an evaluation indicator that can reflect the debt growth risk faced by local governments issuing green bonds.
4.3 Regression Analysis of the KMV-Logistics Model
By using the binary logistics model, the three principal component factors are extracted and the debt default rates predicted by the KMV model for the issuance of green bonds by local governments in 16 prefectures and cities in Shandong Province in 2020 are used to establish a regression model, Eq. 4. The regression results of the mixed model are shown in Table 4.
[image: image]
TABLE 4 | KMV-logistics regression results
[image: Table 4]The test results retain [image: image], [image: image], and [image: image], which are all correlated with the default rate. Observing the index coefficients in the model, it is found that the [image: image] and [image: image] coefficients are both negative, which shows that they are negatively correlated with the default rate, and the coefficient of [image: image] is positive, reflecting that it has a positive correlation with the default rate, among which the coefficient values of the third principal component and the default distance are relatively large, indicating that the size of the third principal component has a greater impact on the fluctuation range of the default rate of the model. The regression results show that the debt risks faced by local governments in issuing green bonds are inversely related to the quality of government fiscal revenue and the structure of fiscal revenue and expenditure. Improving the quality of fiscal revenue and the upward development of fiscal revenue and expenditure structures can reduce the risk of issuing green bonds. The faster the debt growth rate, the higher the debt risk level of the local government.
In order to test the fitting status of the regression results, the Hosmer-Lameshaw test is required, and the test results are shown in Table 5.
TABLE 5 | Hosmer-Lameshaw test
[image: Table 5]According to the Hosmer-Lemeshaw1 test in Table 5, it shows a p-value of 0.732 at the 95% confidence level, much greater than 0.05, indicating a very good goodness-of-fit for the model.
The default rate predicted for 2020–2022 is brought into the binary logistics for regression, and the default rate output by the KMV model is taken as the binary explained variable. A default rate equal to 0.4% is set as the critical value, a default rate greater than 0.4% is assigned a value of 1, and a default rate less than 0.4% is assigned a value of 0. In the calculation of the mixed logistics prediction function, referring to the research on local government debt risk early warning by Li (2015), the critical value of probability is selected as 0.5 as a cut-off point. Here, the low risk (safe and controllable) of local government debt is judged as high risk, which is called the first discriminant error. The judgment of high local government debt risk as low debt risk (safe and controllable) is called the second discriminant error. Since the accuracy of model discrimination is closely related to p-value, that is, a large p-value tends to increase the possibility of type I errors, while a small p-value may increase the possibility of type II errors. Therefore, p = 0.5 is selected as the cut-off point to minimize the probability of the two types of errors. p < 0.5 means that the debt risk is low (safe and controllable), and p > 0.5 means that the debt risk is high. The classification results of the constructed KMV-Logistic mixed model for the overall sample cities are shown in Table 6:
TABLE 6 | Classification of regression results from 2020 to 2022
[image: Table 6]As can be seen from Table 6, the overall accuracy rate of the logistics model back judgment by introducing the KMV model to the output default rate is 77.1%. In this paper, a total of 48 samples from 16 groups of cities in Shandong province were substituted into the model (5.1) for testing. According to the test results, the regression results of the KMV-Logistics mixed model from 2020 to 2022 show that there are 36 samples of local government debt risk with low debt risk for municipal governments issuing green bonds in Shandong Province, among which the prediction results of 29 samples are consistent with the output results of the KMV mode, and 7 samples show the second type of discriminant error. According to the KMV model, there are 33 samples of local government debt risk, which means the local governments of Shandong province face less debt risk when issuing green bonds, so the discriminant accuracy is 87.9%. There are a total of 12 local government debt risk samples with high debt risk faced by municipal governments issuing green bonds in Shandong Province, among which the prediction results of 8 samples are consistent with the output results of the KMV model, and 4 samples show the first type of discriminant error. According to the KMV model, there are altogether 15 samples of local government debt risk, which means the local governments of Shandong province are faced with less debt risk when issuing green bonds, so the discriminant accuracy is 53.3%. The overall judgment accuracy of the mixed binary logistic early-warning model reached 77.1%,2 , it can be seen that it is reasonable to divide risk states with 0.5 as the “critical value” of a high-risk state and a safety state. The comprehensive early warning model has a more accurate measure of risk.
The empirical results of each year from 2020 to 2022 are analyzed, respectively. There are 16 samples each year. The results are shown in Tables 7–9 respectively.
TABLE 7 | Classification of regression results in 2020
[image: Table 7]As shown in Table 7, the overall accuracy rate of the KMV-Logistics mixed model is 93.75% for the debt risks faced by local governments issuing green bonds in Shandong Province in 2020. Among the predicted 3-year results, the default rate results are the most consistent with those output by the KMV model. The prediction results show that there are 13 samples in safe cities, 3 samples in high-risk cities, 1 wrong sample in the first category, and 0 in the second category. The accuracy of security state prediction was 92.86%, the prediction accuracy of high-risk states was 100%, and the overall accuracy was 93.75%.
It can be seen from Table 8 that the debt risk faced by local governments in Shandong Province in issuing green bonds in 2021 is 62.5% accurate in the KMV-Logistics mixed model. The rate results are the least consistent with the KMV model output. The prediction results show that there are 11 samples in safe cities, 5 samples in high-risk cities, 1 wrong sample in first category, and 5 in the second category. The prediction accuracy of the safe state is 85.71%, the prediction accuracy of the high-risk state is 44.44%, and the overall accuracy is 62.5%, which is prone to the first type of discrimination error.
TABLE 8 | Classification of regression results in 2021
[image: Table 8]It can be seen from Table 9 that the overall accuracy of the KMV-Logistics mixed model for the debt risks faced by local governments in Shandong Province in issuing green bonds in 2022 is 75%. Among the predicted 3-year results, the default rate results are highly consistent with the KMV model output. The prediction results show that there are 12 samples in safe cities, 4 samples in high-risk cities, 2 samples of the first type of discrimination error, and 2 samples of the second type of discrimination error. The safety state prediction accuracy is 83.33%, the high-risk state prediction accuracy is 50% lower, and the overall accuracy is 75%.
TABLE 9 | Classification of regression results in 2022
[image: Table 9]The output result of the local government debt risk probability p value in the regression result is taken as the critical value. p < 0.5 means low debt risk (safe and controllable), and p > 0.5 means high debt risk, so as to divide the annual risk status of 16 cities in Shandong Province from 2020 to 2022. The debt risk warning results of local governments issuing green bonds in Shandong province from 2020 to 2022 are obtained, as shown in Table 10.
TABLE 10 | Prediction of risk status of 16 cities in Shandong Province from 2020 to 2022
[image: Table 10]In 2020, Dezhou, Liaocheng, and Zaozhuang are predicted to issue green bonds in Shandong Province in a state of high debt risk. In 2021, Linyi, Heze, Dezhou, and Weihai are predicted to issue green bonds in Shandong Province in a state of high debt risk. In 2022, Dezhou, Heze, Rizhao, and Zaozhuang are predicted to issue green bonds in Shandong Province in a state of high debt risk, among which Zaozhuang and Dezhou have been in a high-risk state for three consecutive years. On the whole, cities at high risk are mostly concentrated in the central and western regions of Shandong Province.
As shown in Figure 2, the trend of default probability of cities in Shandong province was predicted from 2020 to 2022. Based on the regression results in Table 10, the default probability p = 0.5 is used as the critical value to observe the trend of debt risk status faced by green bonds issued by them. As shown in Figure 2, Dezhou, Liaocheng, and Zaozhuang are predicted to face high debt risk status when issuing green bonds in Shandong Province in 2020. In 2021, Linyi, Heze, Dezhou, and Weihai will face high debt risk when issuing green bonds in Shandong Province. In 2022, it is predicted that Dezhou, Heze, Rizhao, and Zaozhuang will face high debt risk when issuing green bonds in Shandong Province, among which Zaozhuang and Dezhou have been in a high-risk state for three consecutive years. The debt risk of local governments issuing green bonds in Qingdao, Jinan, Yantai, Weifang, Jining, Zibo, Dongying, and Binzhou is in a safe state from 2020 to 2022. Although Taian is in a safe state, the risk of fluctuation is obvious and shows an upward trend. The government should pay close attention to prevent the risk state from changing.
[image: Figure 2]FIGURE 2 | Trend of default probability of each city in Shandong Province from 2020 to 2022.
5 CONCLUSION AND POLICY RECOMMENDATIONS
5.1 Conclusion
Early warning of the debt risks faced by local governments in Shandong Province in issuing green bonds from 2020 to 2022 should be given. The regression results show that the debt risks faced by local governments in issuing green bonds are inversely related to the quality of government fiscal revenue and the structure of fiscal revenue and expenditure. Improving the quality of fiscal revenue and the upward development of fiscal revenue and expenditure structures can reduce the possibility of issuing green bonds to increase debt risk; the faster the debt growth rate, the higher the debt risk level of local governments issuing green bonds. Comparing the prediction results of the KMV-Logistic hybrid model with the default rate results output by the KMV model, it is found that from 2020 to 2022, the debt risk early warning model for the issuance of green bonds in various cities in Shandong Province has an accuracy rate of 87.9% for small local governments, the accuracy of issuing green bonds is 53.3% for local governments with higher debt risks, and the overall judgment accuracy of the mixed binary Logistic early warning model reaches 77.1%. The risk measurement of the model is relatively accurate, and the mismatching cases mainly focus on the second type of discrimination error, that is, the high debt risk faced by local governments issuing green bonds is judged to be low debt risk (safe and controllable). Among the predicted 3-year results, the default rate results of the KMV model output have the highest consistency in 2020, the lowest consistency in 2021, and the highest consistency in 2022.
Based on the above empirical analysis and results, it can be found that the default rate obtained according to the KMV model can distinguish between the safe state and the high-risk state of debt risk faced by local governments in Shandong Province when issuing green bonds in most cases, but in some special cases, if the scale of debt repayment expands more, or the quality of finance declines, or the structure of fiscal revenue and expenditure changes, the default rate cannot accurately reflect the default situation of the judging subject. And the default rate corresponding to the default distance calculated by the KMV model does not obey the standard normal distribution, which proves that deriving the expected default rate based on the assumption of normal distribution has defects in actual operation. Using a single KMV model to predict and evaluate the debt risks faced by local governments issuing green bonds cannot give full play to the effect of risk warning.
5.2 Policy Recommendations
5.2.1 Ascertain the Debt Base and Supervise the Way of Borrowing
According to the promulgated “Guarantee Law,” “Budget Law” and other relevant laws and regulations, it is clearly stipulated that the necessary funds in the local government budget for economic development and local construction investment need to rely on raising funds and borrowing debts. Financing is obtained by issuing local government bonds within a set government debt limit. In addition, local governments and their subordinate departments should not borrow money directly or indirectly in any other way, and resolutely put an end to all forms of government irregularities, such as illegal guarantees and promises. After figuring out how much debt to borrow, the government should start destocking. In the face of implicit debt, it is suggested that one bravely convert implicit debt into explicit debt by issuing bonds. Although it will increase the debt rate in the short term, it can promote the long-term development of the local economy. In addition, when resolving explicit debts, the government can actively check and activate government resources, clean up the financial stock funds, and seek help from the central government when necessary. Governments at all levels should strengthen internal management and conduct regular self-examination and self-correction. Problems found should be reported to the Provincial Finance Department in time and rectified in accordance with the approval and regulations. Governments should firmly adhere to the bottom line, strictly abide by laws and regulations, and resolutely put an end to all forms of violations of laws and regulations.
5.2.2 Dynamic Monitoring and Prevention of Local Government Debt Risk
The risk characteristics of green bonds include low project rates of return, strong public welfare, and weak, stable cash flow. Insufficient information disclosure, there is a risk of “greenwashing.” Environmental risks have a greater impact. Focus on the project income stability, the ability to refinance, stability, availability of support policies and subsidies, transfer asset cash ability, raise funds use and management, information disclosure, the project schedule, green goal situation, the issuer’s environmental risk control ability, the change of environmental policies and relevant environmental risk, etc. Shandong Province should take the lead in organizing and developing a multi-level local government debt monitoring and early warning mechanism; establishing and improving the debt risk index system at the provincial, municipal, and county levels; carrying out scientific and normative calculations; dynamically monitoring the sources, scale, structure, type, duration, use, and overdue debts of local governments at all levels; strengthening the daily monitoring, prevention, and response to debt risks so that we can fully understand the situation of debt risks at all levels, predict future risk trends, and ensure the sustainability of local government debt. In the aspect of government debt risk prevention, governments at all levels should incorporate local government debt rates and other indicators into the assessment scope of comprehensive indicators for the development of each city, and investigate the risk points of local government debt. Also, the government should formulate a work plan for preventing debt risks and emergency response plans for local government debt as soon as possible according to the characteristics of local development, improve the mechanism of measures to resolve debt risks, strengthen the performance appraisal of debt work during the term of office, and establish an accountability mechanism for outgoing audit according to the principle that the principal responsible persons of governments at all levels are the first responsible subjects for the management of government debt at the same level.
5.2.3 Optimize the Management System of Local Government Debt Funds
Local government debt management is of great significance and is related to the prevention of systemic and regional risks. In order to improve the efficiency of local government debt management, we should adopt a classified and comprehensive management method for local government debt in Shandong Province. According to the characteristics of the interest rate of local government debt, such as different maturity structures and repayment modes, the debt can be divided into different risk categories and sizes so as to carry out targeted management. In order to improve the efficiency of the use of local government debt, local governments at all levels should ensure that all government debt funds are used to increase public welfare expenditure on improving people’s livelihoods, while considering their own debt risk and solvency, and conscientiously implementing the regulations on the use and management of funds. At the same time, the support of local economic restructuring should be the focus of work, focusing on stable fiscal revenue such as their own tax revenue and avoiding blind borrowing.
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FOOTNOTES
1Hosmer-lemshaw test is used for logistics model fitting tests, and its original assumption is that the model can fit the observed data well, otherwise it does not fit well.
2Classification and discrimination accuracy = number of correct samples predicted in classification/number of actual measured samples in sample input * 100%. Overall discrimination accuracy = number of correct samples predicted in classification /number of actual measured samples in sample input * 100%.
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This work studies the integration process of the Shanghai crude oil futures market in pricing discovery mechanism of global crude oil markets by conducting cointegration analysis and lead–lag causality tests. Using the representative samples of several futures contracts covering different listing periods, we conclude a significant and gradual change of the relations between the Shanghai crude oil futures market and international benchmarks, from unidirectional Granger causality to bidirectional Granger causality. The cointegration relationships become stable after about 2 years’ market development. Moreover, the Shanghai crude oil futures market always leads domestic (Daqing) crude oil spot market since 2019. Our evidences support that it has the increasing influence on domestic crude oil market and international benchmarks.
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1 INTRODUCTION
On 26 March 2018, the first RMB-denominated crude oil futures contract was launched in the Shanghai International Exchange. Since 2019, in terms of the trading volume, the Shanghai crude oil futures market (for short, SIE) has grown into the third largest oil futures market behind West Texas Intermediate (WTI) and Brent, which is building the regional pricing benchmark in Asia-Pacific crude oil market. However, it is expected that SIE needs take some time to play its pricing function in the global market. In other words, as the practical experience of foreign futures markets in the past shows, it needs go through a gradual process from the listing to maturity. In order to investigate the market efficiency of SIE, our work tries to study the cointegration process between it and other representative crude oil markets (Chinese Daqing crude oil spot, US WTI crude oil futures and spot, UK Brent crude oil futures and spot), which contributes to the study of crude oil market efficiency in emerging and developing countries.
There are a few studies on whether crude oil spot and futures prices are integrated well or not by adopting WTI and Brent as the representative markets. For example, Maslyuk and Smyth (2009) study the cointegration relationship between well-established WTI and Brent oil spot and future markets via Gregory and Hansen’s (1996) residual-based cointegration test. Chen and Zeng (2011) argue that the Brent futures prices are always integrated well with spot prices during financial crisis from July 2007 to June 2009. Inci and Seyhun (2018) focus on the Brent crude oil spot and futures markets, and find they are well-integrated by using Granger Causality test. In addition, Lean et al. (2010, 2015) investigate the efficiency of crude oil futures markets by adopting stochastic dominance test and mean-variance approach. Related literature also provides different arguments about the lead–lag relationship between WTI and Brent. Elder et al. (2014) demonstrate that Brent is dominated by WTI in price discovery during the period from 2007 to 2012. But, Ji and Fan (2015) argue that Brent plays a leading role since 2011. Klein (2018) uses Engle and Kroner’s (1995) BEKK-MGARCH model to reexamine the leading and lagging effects by considering the impact of OPEC meetings. Certainly, there are plenty of recent works, e.g., Liu et al. (2020), Neves et al. (2021), Ye et al. (2021), Martínez-Cañete et al. (2022), exploring other different issues about oil market, such as the relation between oil and stock market or the forecasting of oil prices.
Above work focuses on the WTI and Brent markets, while studies have begun to examine stylized facts of SIE and its pricing efficiency. Based on data from the launch period of SIE, Ji and Zhang (2019) explore price volatilities of SIE and give a Granger causality test between return and trading volume; Yang et al. (2019) argue that SIE is less efficient relative to both WTI and Brent since the spot prices of the later play a unidirectional Granger causality role on SIE; but from the perspective of price discovery in the Asia-Pacific region, SIE is efficient.
It is worth noting that Lee and Zeng (2011) demonstrate that the cointegration degree between spot and futures prices (WTI) is affected by the length of futures contracts, revealing different market efficiency for different futures contracts; Zhang et al. (2019) find that the integration degree of global crude oil market varies over time. We expect that the listing date and contract length may affect the integration progress between SIE and other markets. We therefore select different futures contracts, including SC 2001, SC 2003, and SC2007 with different listing periods and different lengths, to investigate the change in cointegration degree and Granger causality relationships between SIE and other crude oil markets. Specifically, we employ popular test methods to provide a comprehensive comparison of the cointegration relationships in different periods in order to evaluate recent development and improvement of SIE. Compared with the existing literature (e.g., Ji and Zhang 2019; Yang et al., 2019), our empirical results support a significant and gradual change from unidirectional Granger causality to bidirectional Granger causality between SIE and international benchmarks; meanwhile; SIE always leads the Daqing spot market, which supports that SIE is an efficient regional pricing benchmark.
This work is organized as follows. In the following Section 2, we first introduce the test methodology and then analyze stationarity of data. The main empirical results are presented in Section 3. Section 4 gives a simple conclusion.
2 METHODOLOGY AND DATA
2.1 Methodology
Our study employs the popular Johansen (1988, 1991) cointegration test for the existence of cointegration and Granger causality test for lead–lag casual relationships. We use the notations [image: image], [image: image], [image: image], [image: image], [image: image], and [image: image] to represent the daily closing prices of SIE, Daqing spot, WTI and Brent futures, WTI and Brent crude oil spot, respectively. Considering that different listing date of futures contract may bring different pricing efficiency, in order to illustrate the gradual changes of the cointegration process, we perform the corresponding tests for different contract periods.
2.1.1 Johansen Cointegration Test
Following the widely popular test, i.e., the Johansen cointegration test based on the VAR model (Sims, 1980) and the maximum likelihood estimation method, we construct the VAR models to test the existence of cointegration relationship as follows:
[image: image]
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where, [image: image], [image: image] respectively. [image: image] is a constant, [image: image] is the residual term and [image: image] denotes the lag periods. Besides, [image: image] denote the estimated coefficients.
Based the above VAR models, we here check whether there is a cointegration relationship between SIE and other markets by applying both the traditional characteristic root trace test and the classical maximum eigenvalue test. Formally, the null hypothesis for the test of each pair of crude oil prices is that the cointegration relationship between two market does not exist; alternative hypothesis is that the cointegration relationship between two market exists.
2.1.2 Granger Causality Test
In order to clarify that the leading and lagging role of SIE relative to other markets, we employ the following Granger causality test model:
[image: image]
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Where, [image: image] denotes the SIE prices, [image: image] denotes the prices of [image: image], respectively, and [image: image] is a constant. [image: image] denote the corresponding coefficients. Based on the above models Eqs. 3, 4, one may judge the Granger causal linkages (bidirectional, unidirectional or no causality linkage) between given two crude oil markets by looking at whether the corresponding coefficients are zero.
2.2 Data
2.2.1 Data Description
To explore the change in the cointegration relationships, we select three main SIE crude oil futures contracts with different listing time and maturities, including SC 2003 (2018.03.26-2020.02.28), SC 2001 (2019.01.02-2019.12.20) and SC 2007 (2019.07.01-2020.06.30). The data cover about two and a half years, consisting of three periods, 2018, 2019 and the first half of 2020. Roughly speaking, they can be treated as a turbulent, stable and mature relatively period of SIE respectively, which may be used to analyze the market efficiency under different periods.
We collect the daily closing prices from the Shanghai International Energy Exchange. The missing data which arise from slightly different trading times different markets are addressed via an interpolation method. Supplementary Appendix Tables S1–3 give the summary statistics. Supplementary Appendix Tables S4–6 present the matrix of the correlation coefficients as follows.
Supplementary Appendix Tables S1–3 show that there is a big change in variance from SC 2003, SC2001 to SC 2007. Specifically, SC2003 has a bigger variance than SC 2001. This may because the SIE market is unstable in the initial stage (i.e. SC2003 sample period), but relatively stable after about 1 year’s development. Moreover, from the three tables, we know that the variance of SC2007 is significantly larger than SC2003 and SC 2001. There are two possible reasons to explain this phenomenon. On the one hand, the extreme event that crude oil futures prices fall sharply in April 2020 enhances greatly the market volatility. On the one hand, the COVID-2019 affects global economy and increases the uncertainty of crude oil prices.
Supplementary Appendix Tables S4–6 tell the differences and changes in correlation coefficient between two markets. Specifically, from Supplementary Appenedix Table S4, we know that SIE is more correlated to the Brent futures market in the SIE launching period; Supplementary Appendix Table S5 means the correlation coefficient between SIE and the Daqing spot market is biggest, but Supplementary Appendix Table S6 shows there is not much difference in correlation coefficients. Thus, based on these results about correlation coefficients, we infer that it is possible that the price movement of SIE has a closer relationship to the Brent futures market than other markets; the Daqing spot market is closely correlated to SIE in during the SC2001 and SC2007 sample periods. Especially, in the relatively recent SC2007 sample period, there are much stable relationships between SIE and other five markets. This provides some interesting implication in terms of development of SIE.
2.2.2 Preliminary Analysis of Stationarity
Let [image: image] be the logarithmic data series of SIE; similarly, let [image: image], [image: image], [image: image], [image: image], and [image: image] represent logarithmic data series of corresponding futures or spot prices respectively. After taking such logarithm transformation of the prices data, we achieve the stationarity by applying the augmented Dickey-Fuller (ADF) test. Supplementary Appendix Tables S7–9 present the stationarity results for the logarithmic data or the first-order difference data, suggesting that they are stationary since, given the significance level of 1%, the ADF test values are smaller than the critical value. Thus, in following work, in order to assure the stationarity of the data, we adopt such transformation without changing the data structure.
3 EMPIRICAL RESULTS
This section presents the results with different futures contracts or different periods respectively, which show the changes of cointegration relationships between SIE and other markets.
3.1 Results of SC2003 Futures Coving an Earlier Study Period (From the Launch of the Shanghai Market in 2018)
The contract SC2003 covers an earlier contract period starting from the listing date of SIE. As previous works, e.g., Ji and Zhang (2019) show, high volatility of SIE was maintained in the initial stage after its launching. This indicates data in the first few months may affect the significance of test results for SIE. In other words, cointegration relationship may be absent if our test includes the data in the first few months; whereas it may be shown if we do not consider the first few months. Thus, for our purposes, by removing the data of first several months, we conduct the test (from 26 March 2018; 26 June 2018; 26 July 2018; 26 September 2018; 26 December 2018 respectively) to examine the cointegration process. The results of VAR models, Johansen cointegration test, and Granger causality analysis for testing the leading and lagging relationships are presented in Supplementary Appendix Table 10 in detail.
It is straightforward to note that the cointegration test results in Supplementary Appendix Table 10 are not consistent throughout the five study periods. In some degree, it confirms that SIE is unstable relatively in the early stage. Specifically, there exists no any long-term equilibrium relationship between SIE and other markets until 26 December 2018 (the first day after Christmas Day). This reflects that the SIE is linked weakly to other domestic and foreign crude oil markets before 26 December 2018. It is worth noting that with the removal of the first 3 months data, SIE starts to show a long-term equilibrium relationship to Brent spot or futures prices. It is concluded that SIE reaches an earlier relationship to Brent relative to WTI in a statistical sense.
After noting the long-term equilibrium relationship exists when we do not consider the SC2003 prices for the first 6 months, we further analyze the lead-lag relationship by using sample data (1848 observations) after 26 December 2018. The empirical results in the last two columns in Supplementary Appendix Table 10 show that a bidirectional Granger causality relationship between SIE and the Daqing spot prices exists. That is, SIE can effectively reflect the movement of domestic crude oil prices and vice versa. However, Supplementary Appendix Table 10 also demonstrates unidirectional causal relationships from Brent, WTI to SIE. This means that SIE is affected by the market information of Brent, WTI, since its pricing function may not work effectively in the launching period. That is, the international benchmarks lead the newly emerged SIE. In other words, the price discovery of SIE follows the international benchmarks in the given sample period, but the former’s influence on the latter is quite weak. Thus, in some degree, arbitrage opportunity can be found by comparing SIE and international benchmarks, but it does hold between SIE and the Daqing spot prices.
3.2 Results of SC2001 and SC2007 Futures Covering a Later Sample Period (From 2019)
The listing date and maturity date may impact the cointegration relationship. In this section, we redo the whole analysis by using different representative contracts SC2001 and SC2007 with later listing dates than SC 2003.
3.2.1 SC2001 Crude Oil Futures Contract
The listing time of SC2001 is about the ninth month after the launching of SIE. In the sample period of SC 2001, the market may become more active and stable relative to the launching period after experiencing rapid development. Besides the test for the whole sample period, we also attempt to do similar work by removing the first month and the first 40 days (the data before the Chinese New Year holiday, i.e. 12 February 2019) data respectively. The results are reported in Supplementary Appendix Table S11.
It is shown that, starting from the first day after the Chinese New Year holiday (1,350 observations), the cointegration relationships are present between SIE and other five markets; and thus, there is a long-term equilibrium relationship. Furthermore, the Granger causality test results in Supplementary Appendix Table S11 are consistent with those of SC 2003. This further confirms that SIE becomes relatively efficient after going through the development of almost 1 year. Although a bidirectional Granger causality between SIE and the Daqing holds, we cannot infer statistically that whether SIE is efficient or not. Since a unidirectional causal relationship from Brent, WTI to SIE in Supplementary Appendix Table S11 means that, unlike Brent and WTI, SIE does not perform well in global crude oil price discovery system. In other words, one can find arbitrage opportunity in SIE by catching available crude oil prices information from WTI and Brent. For example, when SIE discovers a different and low price from WTI and Brent, one can buy and sell position in SIE to get a positive return since the rational investor believes that the SIE price will become the same to WTI and Brent under market equilibrium. We conclude that SIE does not become mature as international benchmarks in the sample period of SC 2001.
3.2.2 SC2007 Crude Oil Futures Contract
When SC2007 is listed and traded, SIE has been established for around 15 months. As SIE becomes more and more active in the global crude oil market, it is expected that a long-term equilibrium relationship exists. We do the whole analysis by keeping the all data (1,260 observations) of the SC2007 futures contract. Supplementary Appendix Table S12 presents the results of the contract SC 2007.
It is observed that prices of SC2007 is closely related to the other five crude oil prices, i.e., the long-term equilibrium holds. Different from SC2001 and SC2003 that only record unidirectional Granger causal relations, the empirical findings of SC2007 in Supplementary Appendix Table S12 show that the Granger causality between SIE and foreign crude oil prices becomes bidirectional, revealing the increasing influence of SIE on the global market after about 1 year’ development. It means that SIE in the sample period of SC2007 becomes as effective as the WTI or Brent in price discovery. Thus, there is the same speed of the response to the new market information for SIE and international benchmarks. Theoretically speaking, it is unavailable to find arbitrage opportunity in SE only by catching the market information from international benchmarks. In additional, we find that the Daqing market is not a good predictor of SIE prices movement; that is, we get a unidirectional Granger causal relation from SIE to Daqing. Conversely, SIE may cause spot prices change of the Daqing market. By comparing our finding with Yang et al. (2019), we also know the Granger causal relation between SIE and international benchmarks (the WTI and Brent spot prices) changes from unidirectional Granger causality to bidirectional one as the development of SIE.
3.3 Comparison of Results and the Dynamic Changes of Cointegration Relationships
Supplementary Appendix Table S13 shows a comparison of the results of SC 2003, SC 2001, and SC2007 crude oil futures contracts. From the perspective of the listing dates of contracts, the SC2003 is first listed when SIE is launched; SC2001 and SC2007 are listed after 9 and 15months respectively. Based on the different listing periods, we may find the dynamic changes by comparing the cointegration relationships. The cointegration relationship is ambiguous and unstable in the first few months in 2018 since the launch of the market. In 2019, SIE shows a constant cointegration relationship with the other five crude oil markets, along with a stable long-term equilibrium relationship. The results in Supplementary Appendix Table S13 indicate that, after 2 years, SIE has become more mature. In short, some discrepancies appear in the cointegration pattern, which reveal the change of pricing discovery function of SIE as its development.
Specifically, the last column of Supplementary Appendix Table S13 presents that the lead-lag causality between SIE and the Daqing crude oil spot prices has changed from bidirectional causality (SC2003 and SC 2001) to unidirectional causality (SC 2007), since the Granger causality from the Daqing market to SIE disappears for the newest contact SC2007 in our samples after more than 1 year’s development of SIE. In other words, SIE has always been the Granger cause of the Daqing crude oil spot prices movement but not vice versa, indicating the leading role of SIE on the domestic crude oil spot market. This result confirms the previous findings that the futures market appears to dominate spot prices in price discovery process (e.g., Schwartz and Szakmary, 1994) in terms of SIE and Daqing spot prices. Moreover, based on Supplementary Appendix Table S13, we show that the causal relationship between SIE and international benchmarks has changed from a unidirectional causal relationship to a bidirectional causal relationship. Thus, our result gives evidence that, as the development of SIE, it has significant cointegration relationships to major international markets and domestic crude oil spot market, but also performs increasing impact on the system of global crude oil prices.
We Conclude the Following Findings
Result 1. The cointegration process between SIE and other markets changes significantly. The influence of SIE on global crude oil market becomes significant after the development of about 2 years.
Result 2. There exist constant long-term relationships between SIE and Daqing, WTI, Brent. The bidirectional causal relationships between SIE and the major international markets are established, suggesting that SIE becomes efficient as international benchmarks and can react simultaneously to new market information.
Result 3. In terms of the price discovery function, SIE persists a leading role on the domestic crude oil spot market.
Although this section uses popular models to report the price integration process between SIE and major domestic and international crude oil markets by considering several representative contracts with different listing period, it is certain that several issues can be further explored as the influence of SIE on energy market increases. For example, one can use various methods, e.g., Bayesian semiparametric quantile model (Jiang et al., 2020; Liu et al., 2021 etc.), to study relevant risk management problems in the SIE market; it is also interesting to further study that how price fluctuations in the SIE market affect energy efficiency (e.g., Sun et al., 2021), green investment (e.g., Sun et al., 2020; Dai et al., 2021) or spillover effects (e.g., Škrinjarić and Sego, 2020; Zhang et al., 2021) between the SIE market and stock market, bond market and so on.
4 CONCLUSION
In this work, we discover that the Granger Causality between SIE and international crude oil markets (futures and spot markets of WTI and Brent) changes from unidirectional to bidirectional. Besides, the empirical results indicate that long-term equilibrium relationships have been established between SIE and other five crude oil markets. The influence of SIE on global crude oil market gradually increases during the whole sample period. After about 2 years’ development, the market forms a more stable relationship with the other markets, affecting the international pricing benchmarks (WTI and Brent) and dominating domestic crude oil prices (Daqing). Our findings provide important implications for understanding the development of SIE.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
HW: Methodology, Formal analysis, Writing—review and editing. SQ: Writing—review and editing, Funding acquisition. HY: Writing—review and editing. YD: Conceptualization, Writing—original draft.
FUNDING
This work is supported by MOE (Ministry of Education in China) Project of Humanities and Social Sciences under Research Project 19YJC790125, Philosophy and Social Science Grant of Jiangsu Province, China under Research Project No. 2020SJZDA070 and the National Natural Science Foundation of China with Grant Number. 71901123.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fenvs.2022.901236/full#supplementary-material
REFERENCES
 Chen, L., and Zeng, Y. (2011). The Properties and Cointegration of Oil Spot and Futures Prices during Financial Crisis. Energy Procedia 5, 353–359. doi:10.1016/j.egypro.2011.03.060
 Dai, P.-F., Xiong, X., Huynh, T. L. D., and Wang, J. (2021). The Impact of Economic Policy Uncertainties on the Volatility of European Carbon Market. J. Commod. Mark. 100208. doi:10.1016/j.jcomm.2021.100208
 Elder, J., Miao, H., and Ramchander, S. (2014). Price Discovery In Crude Oil Futures. Energy Economics 46, S18–S27.
 Engle, R. F., and Kroner, K. F. (1995). Multivariate Simultaneous Generalized ARCH. Econom. Theory 11, 122–150. doi:10.1017/s0266466600009063
 Gregory, A. W., and Hansen, B. E. (1996). Residual-based Tests for Cointegration in Models with Regime Shifts. J. Econ. 70, 99–126. doi:10.1016/0304-4076(69)41685-7
 Inci, A. C., and Seyhun, H. N. (2018). Degree of Integration between Brent Oil Spot and Futures Markets: Intraday Evidence. Emerg. Mark. Finance Trade 54 (8), 1808–1826. doi:10.1080/1540496x.2017.1376644
 Ji, Q., and Fan, Y. (2015). Dynamic Integration of World Oil Prices: A Reinvestigation of Globalisation vs. Regionalisation. Appl. Energy 155, 171–180. doi:10.1016/j.apenergy.2015.05.117
 Ji, Q., and Zhang, D. (2019). China's Crude Oil Futures: Introduction and Some Stylized Facts. Finance Res. Lett. 28, 376–380. doi:10.1016/j.frl.2018.06.005
 Jiang, X., Li, Y., Yang, A., and Zhou, R. (2020). Bayesian Semiparametric Quantile Regression Modeling for Estimating Earthquake Fatality Risk. Empir. Econ. 58 (5), 2085–2103. doi:10.1007/s00181-018-1615-4
 Johansen, S. (1991). Estimation and Hypothesis Testing of Cointegration Vectors in Gaussian Vector Autoregressive Models. Econometrica 59, 1551–1580. doi:10.2307/2938278
 Johansen, S. (1988). Statistical Analysis of Cointegration Vectors. J. Econ. Dyn. Control 12, 231–254. doi:10.1016/0165-1889(88)90041-3
 Klein, T. (2018). Trends and Contagion in WTI and Brent Crude Oil Spot and Futures Markets-The Role of OPEC in the Last Decade. Energy Economics 75, 636–646.
 Lean, H. H., McAleer, M., and Wong, W.-K. (2010). Market Efficiency of Oil Spot and Futures: A Mean-Variance and Stochastic Dominance Approach. Energy Econ. 32, 979–986. doi:10.1016/j.eneco.2010.05.001
 Lean, H. H., McAleer, M., and Wong, W.-K. (2015). Preferences of Risk-Averse and Risk-Seeking Investors for Oil Spot and Futures before, during and after the Global Financial Crisis. Int. Rev. Econ. Finance 40, 204–216. doi:10.1016/j.iref.2015.02.019
 Lee, C.-C., and Zeng, J.-H. (2011). Revisiting the Relationship between Spot and Futures Oil Prices: Evidence from Quantile Cointegrating Regression. Energy Econ. 33, 924–935. doi:10.1016/j.eneco.2011.02.012
 Liu, Y., Sun, H., Zhang, J., and Taghizadeh-Hesary, F. (2020). Detection of Volatility Regime-Switching for Crude Oil Price Modeling and Forecasting. Resour. Policy 69, 101669. doi:10.1016/j.resourpol.2020.101669
 Liu, Y., Yang, A., Lin, J., and Yao, J. (2021). A New Method of Valuing American Options Based on Brownian Models. Commun. Statistics - Theory Methods 50 (20), 4809–4821. doi:10.1080/03610926.2020.1725053
 Martínez-Cañete, A. R., Márquez-de-la-Cruz, E., and Pérez-Soba, I. (2022). Non-linear Cointegration between Oil and Stock Prices: The Role of Interest Rates. Res. Int. Bus. Finance 59, 101513. doi:10.1016/j.ribaf.2021.101513
 Maslyuk, S., and Smyth, R. (2009). Cointegration between Oil Spot and Future Prices of the Same and Different Grades in the Presence of Structural Change. Energy Policy 37, 1687–1693. doi:10.1016/j.enpol.2009.01.013
 Neves, E., Oliveira, V., Leite, J., and Henriques, C. (2021). The Global Business Cycle and Speculative Demand for Crude Oil. Cfri 11 (4), 502–521. doi:10.1108/cfri-05-2021-0091
 Schwartz, T. V., and Szakmary, A. C. (1994). Price Discovery in Petroleum Markets: Arbitrage, Cointegration, and the Time Interval of Analysis. J. Futur. Mark. 14, 147–167. 
 Sims, C. A. (1980). Macroeconomics and Reality. Econometrica 48, 1–48. doi:10.2307/1912017
 Škrinjarić, T., and Šego, B. (2020). Risk Connectedness of Selected CESEE Stock Markets: a Spillover Index Approach. China Finance Rev. Int. 10 (4), 447–472. doi:10.1108/CFRI-07-2019-0124
 Sun, H., Edziah, B. K., Sun, C., and Kporsu, A. K. (2021). Institutional Quality and its Spatial Spillover Effects on Energy Efficiency. Socio-Economic Plan. Sci. , 101023. doi:10.1016/j.seps.2021.101023
 Sun, Y., Chen, L., Sun, H., and Taghizadeh-Hesary, F. (2020). Low-carbon Financial Risk Factor Correlation in the Belt and Road PPP Project. Finance Res. Lett. 35, 101491. doi:10.1016/j.frl.2020.101491
 Wang, J., Qiu, S., and Yick, H. Y. (2022). The Influence of the Shanghai Crude Oil Futures on the Global and Domestic Oil Markets. Energy 245, 123271. doi:10.1016/j.energy.2022.123271
 Yang, C., Lv, F., Fang, L. B., and Shang, X. X. (2019). The Pricing Efficiency of Crude Oil Futures in the Shanghai International Exchange. Finance Res. Lett. 36, 101329. doi:10.1016/j.frl.2019.101329
 Ye, S., Dai, P.-F., Nguyen, H. T., and Huynh, N. Q. A. (2021). Is the Cross-Correlation of EU Carbon Market Price with Policy Uncertainty Really Being? A Multiscale Multifractal Perspective. J. Environ. Manag. 298 (15), 113490. doi:10.1016/j.jenvman.2021.113490
 Zhang, D., Ji, Q., and Kutan, A. M. (2019). Dynamic Transmission Mechanisms in Global Crude Oil Prices: Estimation and Implications. Energy 175, 1181–1193. doi:10.1016/j.energy.2019.03.162
 Zhang, Y., Wang, M., Xiong, X., and Zou, G. (2021). Volatility Spillovers between Stock, Bond, Oil, and Gold with Portfolio Implications: Evidence from China. Finance Res. Lett. 40, 101786. doi:10.1016/j.frl.2020.101786
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Wang, Qiu, Yick and Dai. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 16 May 2022
doi: 10.3389/fenvs.2022.891830


[image: image2]
Financial Ecological Environment, Financing Constraints, and Green Innovation of Manufacturing Enterprises: Empirical Evidence From China
Linhai Zhao* and Yajun Wang
School of Economics and Finance, Huaqiao University, Quanzhou, China
Edited by:
Huaping Sun, Jiangsu University, China
Reviewed by:
Dexiang Mei, Chongqing Technology and Business University, China
Tingqiang Chen, Nanjing Tech University, China
* Correspondence: Linhai Zhao, longmen168@126.com
Specialty section: This article was submitted to Environmental Economics and Management, a section of the journal Frontiers in Environmental Science
Received: 08 March 2022
Accepted: 06 April 2022
Published: 16 May 2022
Citation: Zhao L and Wang Y (2022) Financial Ecological Environment, Financing Constraints, and Green Innovation of Manufacturing Enterprises: Empirical Evidence From China. Front. Environ. Sci. 10:891830. doi: 10.3389/fenvs.2022.891830

In the carbon neutrality strategy, facilitating the green innovation of enterprises and promoting industrial upgradation have become a key issue. We explore the relationship between the financial ecological environment, financing constraints, and green innovation of manufacturing enterprises based on endogenous growth and stakeholder theories. Manufacturing companies listed on Shanghai Stock Exchange and Shenzhen Stock Exchange during 2010–2020 are taken as samples. With the help of principal component analysis, a comprehensive index of the annual financial ecological environment is constructed. The SA index is employed to measure the financing constraints of firms, and the number of granted green patents is used to measure the green innovation of manufacturing enterprises. We conclude that the green innovation of manufacturing enterprises will relax their financing constraints. The financial ecological environment positively moderates the relationship between green innovation and corporate financing constraints. An excellent financial ecological environment enhances the mitigation effect of green innovation of manufacturing enterprises on their financing constraints. Policy implications are given according to the conclusion.
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1 INTRODUCTION
Since the government proposed “promoting green, circular, and low-carbon development” and “create a beautiful China” in 2017, China’s ecological civilization construction has become an important strategic goal. The close combination of technological innovation, the key driving force of economic growth, green development, and the active implementation of green innovation (GI), can help China break the trade-off between economic growth and environmental protection (Li and Xiao, 2020). The manufacturing industry is the mainstay industry of China’s economy. On the one hand, it is an essential vehicle for creating social and economic wealth. On the other hand, it consumes natural resources. Therefore, the manufacturing industry is the key to coordinating economic development and environmental protection. Consequently, promoting GI in manufacturing enterprises has become a high-profile issue.
Currently, China’s economy is transforming the development mode, improving the industrial structure, and switching the driving force of growth. GI carried out by enterprises is vital to China’s high-quality economic development. However, GI may encounter more serious financing constraints than normal innovation as GI is at more expense with higher risk and greater uncertainty and dual externalities of the economy and environment. The manufacturing industry is the pillar of China’s real economy, and green upgradation is essential to sustainable development. In 2021, the value added of the manufacturing industry accounted for 27.4% of China’s GDP. Chinese manufacturing enterprises face trade barriers, such as green, carbon tariffs, and technology barriers, in the international market. However, they suffer severe overcapacity caused by upgrading domestic consumption. Therefore, they must follow the Chinese government’s policy of supply-side structural reform, implement a GI development strategy, improve the product supply structure, and transform and upgrade. It is of great practical significance to investigate the relationship between financing constraints and the GI of manufacturing enterprises in China. The financial ecological environment is an essential factor affecting the financing constraints of the enterprises. An excellent financial ecological environment can change the resource allocation, channel funds to enter green and low-carbon industries, alleviate the financing constraints of enterprises, and help the GI.
The important factors influencing the GI of firms have been studied in multiple dimensions, providing a solid theoretical basis for the GI-transforming and -upgrading firms. But the literature pays little attention to the impact of GI on financing constraints. Consequently, the listed companies in the manufacturing industry in the Chinese stock market are taken as a sample. The principal component analysis method is used to build a comprehensive index to measure the annual financial ecological environment to describe the internal and external economic factors of manufacturing firms, with the number of granted green patents as the proxy for GI. The SA index is employed to measure the financing constraints of the firms. The relationship between GI and financing constraints of the manufacturing enterprises and the moderating effect of the financial ecological environment are further analyzed.
The rest of the article is organized as follows. Section 2 provides a literature review and puts forward the research hypotheses. Section 3 introduces the research design, and Section 4 presents the empirical analysis. Section 5 provides the conclusion and policy implications.
2 LITERATURE REVIEW AND RESEARCH HYPOTHESES
This study is mainly related to three topics: financial ecological environment, the relationship between GI and financing constraints, and the relationship between financial ecological environment, GI, and financing constraints. The literature review and corresponding hypotheses are as follows.
2.1 Financial Ecological Environment
The effective operation and development of financial organizations are inseparable from the macro-factor of the financial ecological environment. Bai (2001) defined the financial ecological environment as the development, utilization, and efficiency of financial resources and declared that the sustainable development of finance must be based on the sustainability of the financial ecological environment. Based on the concept of ecosystem, coined by the British ecologist Tansley (1935), Zhou (2004) proposed the concept of a financial ecological environment and applied it to China’s financial system. The financial ecological environment refers to some primary conditions of financial operation, including the legal and institutional environment, the market order, and the modern corporate system. Xu (2005) elucidated that financial ecology is the generalization of ecology in finance, using the ecological methods to study the financial system. The financial ecological environment can be divided into hard and soft environments. The soft environment depends on the hard environment, and the core of the hard environment is the legal regime. Lin (2005) used the system theory approach to analyze the relationship between subsystems in the financial ecosystem. Han and Lei (2008) studied the relationship between the changes in China’s financial ecological environment and the development of financial agents. Improving the financial ecological environment can significantly promote the development of financial agents. Wan and Rao (2008) analyzed the excessive bank borrowing of listed firms from the perspective of financial ecology. They found that excessive bank borrowing is due to internal factors and external financial ecological environments. He (2011) compared the common financial ecological environment assessment methods, such as normal standardization, expert method, standard deviation weighting, factor analysis, analytic hierarchy process, and fuzzy comprehensive evaluation. Deng and Chen (2014) constructed the evaluation indicator system of the regional financial ecology for China. Wang and Feng (2015) assessed the financial ecological environment in various regions of China from the four dimensions, government governance, economic foundation, financial development, and institutional and cultural construction. Zhou and Xiu (2017) examined the impact of the financial ecological environment and debt governance on the capacity utilization of listed companies in manufacturing industries in China. Grafe and Mieg (2019) combined financial ecology, as an analytical tool, with infrastructure, as a perspective and set up a conceptual model in the context of the U.K. Municipal Bonds Agency to understand the impacts of financialization on cities. It concludes by outlining some of the spatial effects of the UK’s changing financial ecology of urban infrastructure. Zhong et al. (2020) explored the poverty alleviation effect of the regional financial ecological environment in the case of Yunnan, China. Sun et al. (2021) put together five groups or subgroups to evaluate the quality of institutions, consistent with the excellent degree of the financial ecological environment. These groups are government size, the legal system with property rights, sound money, freedom to trade internationally, and credit, labor, and business regulations. The spatial spillover effects of institutional quality on energy efficiency, an important aspect of GI, are studied. Li and Chen (2021) built a dynamic model of the financial ecosystem based on the three dimensions of financial ecosystem: actors, environment, and regulation and conducted early warning research.
2.2 Green Innovation and Financing Constraints
Green innovation is also known as eco-innovation, environmental innovation, or sustainable innovation. GI has three aspects: green products, green processes, and green management innovations (Huang et al., 2015). Fussler and James (1996) proposed the initial concept of eco-innovation and defined it as evolving new processes and products that offer business and customer value by reducing environmental hazards. Rennings (2000) introduced the term eco-innovation and described it as developing new ideas, products, services, processes, and management systems. Subsequently, the concept of GI keeps developing and extending. Schiederig et al. (2012) argued that GI is sustainable innovation and is often associated with the concepts of externality, sustainable development, and environmental problems. Driessen et al. (2013) advocated that GI has the characteristics of externality, reducing environmental pressure, and having ecological benefits. Ghisetti and Rennings, 2014 adopted the definition that environmental innovation is the production, assimilation, or exploitation of a product; production process; service; or management or business methods novel to the firm or organization. This reduces environmental risk, pollution, and other negative impacts of resource use throughout its life cycle (including energy use) compared to relevant alternatives. Wu (2019) asserted that GI combines “green” from the perspective of social responsibility and “innovation” from the perspective of economic development. It can solve environmental problems and improve competitiveness by reducing production costs and differentiating management.
Fazzari et al.’s (1988) research is a classic study on corporate financing constraints. There are two approaches to measuring the financing constraints of firms, cash flow sensitivity, and financing constraint index. Fazzari et al. (1988) claimed that enterprises are accompanied by high cash flow sensitivity of investment when facing severe financing constraints. However, Almeida et al. (2004) implied that companies with financing constraints save or hold most of their cash flow when better investment opportunities are expected. Commonly used financing constraint indexes include the KW index (Kaplan and Luigi, 1997), WW index (Whited and Wu 2006), and SA index (Hadlock and Pierce 2010). As the first two indexes involve many endogenous variables and have obvious defects, Hadlock and Pierce (2010) divided the enterprise financing constraints into five levels. They then introduced two exogenous variables, firm size, and age, to construct the SA index. Therefore, the SA index involves fewer endogenous variables and is more robust, accurate, and easy to calculate.
The study of financing constraints from financial development has drawn more attention. For example, Love (2003) showed that firms usually experience tighter financing constraints in countries where finance is less developed. Likewise, Khurana et al. (2006) found that the financial markets in less developed economies force enterprises to obtain funds from internal financing to avoid the high cost of external funding.
Most existing studies on the relationship between GI and financing constraints mainly investigate the impact of financing constraints on GI. For instance, Aghion et al. (2009) showed that GI activities, such as green inventions and patents, are more likely to be replaced by other investment activities when firms are subjected to financing constraints. In addition, Ye (2021) analyzed the impact of financing constraints on GI and the moderating effect of government subsidies on this impact. However, there is little literature on the impact of GI on financing constraints. Therefore, this study examines the relationship between GI and financing constraints of the manufacturing enterprises from the perspective of the impact of GI on financing constraints.
The endogenous growth theory advocates that technological innovation is the key to ensuring sustainable economic growth, and for the manufacturing enterprises, GI is an important source of sustainable development. Therefore, GI will inevitably be encouraged by government subsidies. However, it will also be favored by investors, helping broaden the financing channels of the enterprises. Moreover, China’s financial system is bank-centered, and bank lending covers most corporate external funding. Therefore, the strategies of sustainable development and environmental protection formulated by enterprises have increasingly become the banks’ focus, and the GI of enterprises will also be supported by the banks’ green loans. Hence, the first hypothesis is as follows.
H1: Green innovation helps relax the financing constraints of the manufacturing firms.
2.3 Financial Ecological Environment, Green Innovation, and Financing Constraints
The stakeholder theory claims that firms may benefit from GI. Through GI, firms will likely get a better social reputation, more significant market share, favorable consumer feedback, and government policy support. Many studies have discussed the economic consequences of GI in the literature. The studies of the financial implications of GI involve three issues. First is the impact of GI on environmental performance. For example, Küçükoğlu and Pınar (2015) stated that GI activities have a significant effect on a company’s environmental performance and competitive advantage. Qi et al. (2018) highlighted that GI is the key to achieving enterprise competitiveness and environmental protection, and the enterprises undertaking GI get government support. Second is the impact of GI on economic performance. Jiang et al. (2018) indicated that green entrepreneurial orientation positively influences environmental and financial performances. Similarly, Tang et al. (2018) found that green process innovation and product innovation can significantly and positively affect enterprise financial performance. Third is the impact of GI on employment and society. For example, Kunapatarawong et al. (2016) argued that companies that engage in GI have a relatively large number of employments. This phenomenon is more significant in companies that voluntarily carry out GI. In addition, Fang and Na (2020) found that GI helps enterprises establish a good social image of the fulfilling social responsibilities.
Thus, there is almost no literature on the moderating effect of the financial ecological environment on the relationship between GI and financing constraints of the manufacturing firms. GI of firms is conducive to environmental protection and sustainable development. Furthermore, an excellent financial ecological environment will strengthen the mitigation effect of GI on firms’ financing constraints. However, the contradiction between the huge investment in innovation activities and the uncertainty of output exerts tight external financing constraints on firms. External fund providers cannot fully grasp the real information of the internal R&D activities, resulting in information asymmetry between internal managers and external fund providers. In an excellent financial ecological environment, financial intermediaries can obtain relevant internal information through specific channels and transmit the GI information of manufacturing enterprises to the financial market. This alleviates the problem of information asymmetry and helps enterprises obtain external funding. Therefore, for manufacturing enterprises, a good financial ecological environment enhances GI and weakens the degree of financing constraints. Then, the second hypothesis is proposed as follows.
H2: For manufacturing enterprises, the financial ecological environment positively moderates the relationship between GI and financing constraints. A good financial ecological environment enhances the mitigation effect of GI on the financing constraints of manufacturing enterprises.
3 RESEARCH DESIGN
3.1 Sample and Data
Manufacturing enterprises listed on Shanghai Stock Exchange and Shenzhen Stock Exchange are selected as samples. The sample period is 2010–2020. The selection follows two principles. First, companies with missing data are eliminated to ensure data reliability. Second, companies with ST, *ST, and PT are deleted. The number of listed companies in the manufacturing industry is 1045. All the continuous variable data are processed with winsorization at 1% and 99% quantiles to avoid the influence of outliers. Panel data regression models are adopted in this study.
3.2 Variables
3.2.1 Financial Ecological Environment
Following Hao et al. (2020), we used the principal component analysis to extract features of the indicators about firms or provinces where firms are located and constructed the financial ecological environment index denoted by FE. Table 1 shows the indicators.
TABLE 1 | Indicators used to construct the financial ecological environment index.
[image: Table 1]3.2.2 Green Innovation
Liu and Wang (2021) claimed that patents show the quality of innovation. Similarly, green patents reveal the quality of GI. Therefore, we use the number of granted green patents to measure the GI of enterprises. Specifically, the number of GIs and utility models held by listed companies in the manufacturing industry is used as the number of green patents to measure GI.
3.2.3 Financing Constraints
We use the SA index (Hadlock and Pierce 2010) to measure the financing constraints of firms, denoted by FC. The greater the SA index, the tighter the firm’s financing constraints. In addition, the WW index (Whited and Wu 2006) is used to conduct a robustness check. The calculation for financing constraints is as follows:
[image: image]
where size is the natural logarithm of a firm’s total assets and Age is the age of a firm. FC is the dependent variable in the regression models.
3.2.4 Control Variables
In addition, other factors, such as the control variables, might affect the dependent variable. The definitions and notations of the control variables are listed in Table 2.
TABLE 2 | Control variables.
[image: Table 2]3.3 Models
To test H1, we build a panel data regression model M1 with year fixed effect.
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where [image: image] is the intercept, [image: image] ([image: image]) is the coefficient, and [image: image] is the stochastic error term.
To test H2, we build a panel data regression model M2 with year fixed effect.
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where [image: image] is the intercept, [image: image] ([image: image]) is the coefficient, and [image: image] is the stochastic error term.
4 EMPIRICAL ANALYSIS
We employ the panel data of 1,045 listed companies in China’s manufacturing industry for 2010–2020 in the regression analyses of M1 and M2. Furthermore, when studying the moderating effect of the financial ecological environment, we decentralize the GI and financial ecological environment before multiplying the GI and FE to alleviate the possible multicollinearity of the model due to the continuity of the data.
4.1 Descriptive Statistics
Table 3 shows the descriptive statistics after winsorization. Table 3 indicates that the maximum GI is 4.2767, the minimum GI is 0, the average GI is 0.6524, and the standard deviation of GI is 1.0013. This means that the number of granted green patents owned by the manufacturing companies listed in China’s stock market varies greatly. Therefore, the maximum financial ecological environment index FE is 4.5294, the minimum FE is -2.8283, the mean of FE is -0.0038, and the standard deviation of FE is 1.4817. Furthermore, this implies that the financial ecological environment for the various listed companies in the manufacturing industry is diversified.
TABLE 3 | Descriptive statistics after winsorization.
[image: Table 3]We compare the descriptive statistics of the variables before winsorization in Table 4 and those after winsorization in Table 3 to highlight the justification for the data processing by winsorization. Tables 3, 4 show that the number of observations is the same after the data were winsorized at the 1% and 99% quantiles. Still, the minima and maxima have changed, and the influence of the outliers has been eliminated to a certain extent.
TABLE 4 | Descriptive statistics before winsorization.
[image: Table 4]4.2 Correlation Analysis
Table 5 presents the Pearson correlation coefficients of the variables. Table 5 shows that the explained variable (FC) is correlated with all the control variables, indicating that the choice of control variables is plausible. Furthermore, as the correlation coefficients of all the variables are all less than 0.8, severe multicollinearity in our regression analyses does not exist.
TABLE 5 | Correlation analysis.
[image: Table 5]4.3 Regression Analysis
The stepwise regression analysis method is used in our models. Model M1 is used to analyze the relationship between GI and financing constraints of manufacturing enterprises and test H1. Table 6 shows the regression results.
TABLE 6 | Regression results of M1.
[image: Table 6]Column (8) of Table 6 shows that the regression coefficient of green innovation (GI) is −0.0414, and it is significantly negative at the 1% level. So, we can infer that GI negatively impacts the financing constraints of the firms. Therefore, H1 is verified, and GI helps relax the financing constraints of the manufacturing enterprises. In addition, the coefficients of all the control variables are significant. The coefficients of Scale, Age, Lev, and ROA are positive, and the coefficients of Growth, TobinQ, and BM are negative.
Table 7 shows the regression results of model M2. Column (8) of Table 7 shows that green innovation (GI) is negatively correlated with the financing constraint FC, and the coefficient of GI is significant at the level of 1%. Hence, hypothesis H1 is verified again.
TABLE 7 | Regression results of M2.
[image: Table 7]We calculate the internal and external financial ecological environment indicators through principal component analysis, construct the comprehensive index of the annual financial ecological environment (FE), and introduce the product term GI*FE into model M2. This is to test the moderating effect of the financial ecological environment on the relationship between GI and financing constraints. We can understand the role of the product term GI*FE in the model from two perspectives. From a statistical standpoint, the influence of the independent variable GI on the dependent variable FC will be moderated by another variable, FE, that is, FE will affect the strength of the correlation between GI and FC. While from the perspective of economic implications, the financial ecological environment affects the intensity of the influence of GI on the financing constraints.
Column (8) of Table 7 also shows that the coefficient of GI*FE is negative at the 1% significance level. Therefore, the financial ecological environment positively moderates the relationship between green innovation, GI, and financing constraints, FC, of the manufacturing enterprises. Consequently, a good financial ecological environment enhances the mitigation effect of GI on financing constraints of the manufacturing enterprises, that is, hypothesis H2 is verified.
4.4 Robustness Check
We substitute the WW index for the SA index as the proxy variable for financing constraints in models M1 and M2 to check the robustness. The calculation formula of the WW index (Whited and Wu 2006) is as follows:
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where CF is the ratio of a firm’s cash flow to its total assets, DIV is a dummy variable whose value is 1 when the firm pays dividends, TL is the ratio of its total long-term liabilities to its total assets, size is the natural logarithm of its total assets, ISG is the sales growth rate of the industry that the firm is in, and SG is the sales growth rate of the firm.
Table 8 shows the regression results. We find that the explanatory (green innovation GI) and moderating variables (financial ecological environment FE) have a significant impact on the explained variable (financing constraint FC), and the magnitude and the direction of impact are, by and large, consistent with the original models, M1 and M2. Therefore, it is demonstrated that the selection of variables is reasonable, and the regression results of the models are robust and reliable.
TABLE 8 | Robustness check.
[image: Table 8]5 CONCLUSION AND POLICY IMPLICATIONS
We investigate the relationship between the financial ecological environment, GI, and financing constraints of manufacturing enterprises based on endogenous growth and stakeholder theories. Manufacturing companies listed on Shanghai and Shenzhen stock exchanges are taken as samples. A comprehensive index of the annual financial ecological environment is constructed with principal component analysis to explain the financial condition of the economy. The number of granted green patents is used to measure the GI of the manufacturing enterprises. The conclusion is as follows.
Green innovation eases the financing constraints of the manufacturing companies. The greater the number of GIs, the more funding the manufacturing enterprises received from the government, investors, and financial institutions. Thus, the manufacturing enterprises have broadened the financing channels through GI and reduced the degree of corporate financing constraints.
The financial ecological environment positively moderates the relationship between GI and the financing constraints of the manufacturing enterprises. A good financial ecological environment enhances the mitigation effect of GI on financing constraints.
In light of the conclusion, policy implications for promoting GI are provided to the manufacturing firms, financial institutions, and governments.
Manufacturing enterprises must increase their investment in GI to grow continuously and steadily in the fierce market competition. Furthermore, GI is an important method for enterprises to fulfill social responsibility and has become a significant determinant of acquiring funding. Mainly, GI can effectively ease the financing constraints of manufacturing enterprises. Moreover, GI needs technology and talents. Therefore, enterprises should increase the recruitment of high-level skills and strengthen technical exchanges and cooperation with universities and research institutions.
Financial institutions should promote green finance, play the role of information media, and help relieve firms’ GI financing pressure. Financial institutions efficiently transmit the GI of manufacturing enterprises to the financial market through business linkages. This signals good development to alleviate the problem of information asymmetry and increase the availability of external financing. Additionally, financial institutions should assist companies and the market in improving the pricing mechanism of green products, green processes, and technologies to better serve the green development of enterprises.
The government must improve the financial ecological environment and adopt subsidies, tax incentives, and policy support to foster GI in manufacturing enterprises. With rewards and punishment arrangements by the government, the market mechanism can fully play to guide the GI and reduce environmental pollution. In addition, talents and technology are the keys to the success of GI. Therefore, the government should introduce human resource policies to attract senior talents, build a high-quality financial ecological environment, and help enterprises engage in GI.
The capital market should offer various green financing models. Issuance of green financial bonds by financial institutions should be encouraged to effectively help reduce the financing cost of GI projects. Furthermore, the China Securities Regulatory Commission and other financial regulatory authorities should render policy support for effective supervision over the issuance of green bonds by nonfinancial companies. They should help financial institutions carry out green financial innovation and provide more financing channels for green upgradation.
There are some limitations to this study. First, the sample in this study is the listed manufacturing companies in the Chinese stock market, not including the non-listed manufacturing enterprises. Second, enterprise heterogeneity is not considered in the empirical analyses, affecting the relationship between the financial ecological environment, GI, and financing constraints. Finally, the green finance policy helps alleviate the financing constraints and promotes GI in enterprises. Therefore, GI and financing constraints will become a hot issue to be studied in the future.
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Improving farmers’ green production behavior can guarantee food safety at the source. In recent years, a rising number of studies have focused on food safety management and have provided general regulation recommendations. Unlike many studies, this study aimed to find targeted policy recommendations according to different spatial aggregations of non-green production behavior. In the current study, more than 800 tea farmers located in the Qinba and Huangshan Mountain regions of China were investigated. An order logit model was employed to evaluate the impact of government regulation and community governance on ignorant or unkind non-green tea production behavior. Furthermore, a multi-valued treatment effect model was also recruited to demonstrate the average treatment effect of government regulation and community governance. The results show that the difference in farmers’ ignorant or unkind non-green production behavior between regions is substantial but is similar in the same region. Farmers’ non-green production behavior is negatively impacted by community governance but not significantly affected by government regulation. Government regulation can effectively inhibit the occurrence of farmers’ unkind behavior, while community governance can effectively cause farmers’ unkind behavior. Thus, some measures to reduce local farmers’ non-green production behavior should be put forward according to the differences in the spatial distribution of non-green production behavior and the differences in the effect of government regulation and community governance.
Keywords: government regulation, community governance, green production behavior, targeted agricultural policy, Qinba and Huangshan mountain regions of China
1 INTRODUCTION
Improving food safety and protecting the agricultural environment is widely deemed as an important mission, which is close to the true life of the smallholders. By governments and local communities, vigorous efforts are being made to reduce the pesticides usage in agricultural activities (Liu et al., 2015; Kumar et al., 2019). Currently, the residues of these chemicals have been detected in various food, such as vegetables, fruits, even tea (Seenivasan and Muraleedharan, 2011; Amirahmadi et al., 2013). Thus, strict food safety standards have become an important measure to ensure food safety (Fan et al., 2014). According to the statistics of the Food and Agriculture Organization (FAO), China was the largest consumer of the pesticides globally. The annual average pesticide use is approximately 0.067 kg/ha, which is more than twice consumption compared to some developed countries. Meanwhile, the rate of effective pesticide use is only 35%, which is well below developed countries’ average of 50∼60% (Grung et al., 2015).
For tea and its culture in China, there was a long history since tea originated. The Qinba Mountains and Huangshan Mountains are the central areas for tea cultivation. According to survey, various diseases and pests will be encountered in tea planting, such as small green leafhoppers, tea stink bugs, tea coal diseases, etc. Therefore, excessive pesticides have been applied in the actual production process to ensure tea production. According to the report from Greenpeace (Greenpeace, 2016), nearly 60% of normal tea was detected with prohibited pesticides, while 85% of normal tea was evaluated as overproof pesticide residue, and this will seriously threat the reputation of Chinese tea in the global market. As an essential part of the agricultural industry in China, the tea sector is supposed to thrive as an endogenous industry and, therefore, enrich the environment and reduce the rural poverty level in the different tea regions of China. According to the FAO, China exported 355,258 tons of tea in 2017, which is significantly higher than any other tea-exporting countries nearby, such as Sri Lanka, India, and Vietnam. In addition, China is also the second largest tea exporter in the world, following Kenya. Thus, it is essential to regulate tea farmers’ overuse of pesticides to guarantee food safety. For the Chinese management system of agricultural products, regulation development generates an important role in the supply chains, while the safety and quality control of agricultural products is also essential (Dou et al., 2015). The Chinese government has adopted a series of measures to regulate farmers’ non-green production behavior. For example, the Ministry of Agriculture implemented the “Year of Supervision on Agricultural Food Safety and Quality” in 2014, carrying out strict supervision and special rectification on pesticide applications. Furthermore, the Ministry of Agriculture of China introduced “Zero Growth of Chemical Fertilizer and Pesticide Use”, such action aimed to achieve a 40% pesticide utilization rate, as well as a zero increase in pesticide and fertilizer use in the year of 2020 (Shuqin and Fang, 2018). Similarly, in 2019, several major departments represented by the “Ministry of Agriculture and Rural Affairs” formulated a national food quality standard for agricultural products, achieving a 98% detection pass rate and a 41% pesticide utilization rate until the year 2020. Based on agricultural fitness cultivation and ecological control, and chemical control as an emergency prevention and control strategy, the local government coordinated the application of physical control, immune inducement and biological control measures starting from the tea garden ecosystem. Farmers’ non-green production behavior can be caused by ignorance and unkind psychology, which influenced by community and government regulation, respectively. Adhere to local conditions and zoning management, focusing on the prevention and control of major diseases and pests such as tea net bugs. To ensure the quality and safety of tea products as well as the ecological environment of tea gardens, scientific, safe and reasonable methods were advocated.
Government regulation plays an important role in boosting farmers’ pesticide reduction behavior (Yu, 2012). Government regulation is mainly implemented for the control of pesticide use, including detecting residual pesticides, punishing the use of illegal pesticides, and prohibiting the use of highly toxic pesticides. However, due to the special model of small-scale family management in China, the cost of government regulation will be substantial. Community governance is expected to enhance farmers’ access to more food safety and green production rule knowledge, to help farmers use new green production technology (Ostrom, 1996). However, without a healthy institutional environment provided by government, the community cannot well develop their ability (Lam, 1996). Therefore, to regulate the pesticide use in tea farmers, it is important to explore the cooperation between governments and community in China.
According to the published studies, many different factors affect farmers’ pesticide overuse behaviors (Ferrier and Lamb, 2007; Hafezi and Zolfagharinia, 2018). We made an attempt to determine the impact of government regulation on farmers’ pesticide overuse, and found that controlling government regulation is a direct method to regulate farmers’ pesticide overuse, for which the government in China bears a substantial regulation cost at the small-scale household level (Lamichhane, 2017; Liu and Lan, 2018). Many published studies have found that the regulation cost is greater than the regulation gain because the regulatory outcomes deviate from the regulatory objectives, showing the inefficiency in the regulations (Antle, 2000; Lichtenberg, 2013; Miewald et al., 2013). There is a strong link between reputation, quality, another characteristic etc. and agriculture products in Geographical Indication region (Barham, 2003; Likudis et al., 2013), Thus, in the Geographical Indication regions with pesticide overuse, stricter standards on agricultural products have been applied by the government and community (Drogue and DeMaria, 2012). In addition, to ensure the quality and value of public agricultural product brand, the community and local government are more motivated to attach importance to supervising farmers’ pesticide overuse behavior and urging farmers to abide strictly by the technical specifications for the quality control of Geographical Indication products (Meredith and Willer, 2016). This paper provides a detailed description, explanation, and prediction on farmers’ green production behavior in two regions. Based on the above descriptive analysis and regression results, we also provide targeted policy recommendations for the government and community.
Current published researches primarily focused on the aspects mentioned above. However, the farmers’ psychological state and location condition were ignored, resulting in the low regulatory efficiency with a one-size-fits-all approach. According to farmers’ psychological state, farmers’ non-green production behavior in the present study was divided into ignorant and unkind behavior. In addition, according to the differences in spatial distribution, the ArcGIS10.4.1 software was employed to draw ignorant and unkind pesticide use maps. Finally, an order logit model was recruited to verify the effect of government regulation and local community governance on ignorant and unkind pesticide use, and a multi-valued treatment effect model was also conducted to analyze the average treatment effect of government regulation and community governance. Based on the evaluated results, a targeted policy was obtained.
2 MATERIALS AND METHODS
2.1 Analytical Framework and Research Method
2.1.1 Analytical Framework
By affecting the cost and benefit from the production of smallholder farmers, government regulation and community governance can influence agricultural performance. This study conducted the Institutional Analysis and Development (IAD) framework for reference. The analytical framework of potential pathways was illustrated in Figure 1. The IAD framework provides a means for decision-making relative to the integrated tea farmers reducing their pesticide usage and the outcome of this beyond the local level, where actors such as the government, the community, and the market make decisions regarding local government institutions and local natural resources (Ostrom, 2005).
[image: Figure 1]FIGURE 1 | Theoretical framework for assessing green production behavior.
In this multilevel arena, the actors (e.g., the government, community, and market) come together to determine what regulation should be made in a particular situation. This determines a result (a combination of farmers’ pesticide use) that feeds back into exogenous variables (e.g., natural resources, governance institutions, and rule markets) in an action situation formulated by the actors themselves and an action situation that is fitted (Figure 1).
The action arena is a virtual platform where actors make interactions in a particular action situation. An action situation usually remains relatively stable with time in comparison to participating actors. Based on the roles of actors (the government, the community, and the market) who directly affect farmers’ non-green production behavior, this study aimed to analyze how actors’ interactions in an action situation cause farmers’ pesticide overuse. Regardless of the specific goal of farmers reducing pesticide use, the actions taken or not taken affect food safety, common brand value, and the agricultural environment (Minten et al., 2013).
Farmers’ pesticide overuse can be decomposed into two steps: the first step is to determine non-green production behavior, which means determining whether farmers have used overuse pesticides in the last 5 years; the second step is to determine whether these farmers are ignorant or unkind. Such classification aims to explore the underlying reason for non-green production behavior and to take suitable measurements of local conditions according to the spatial agglomeration of different methods of pesticide use in different exogenous environments.
In addition to actors influencing farmers’ behavior through their norms, values, and rules, exogenous variables can generally drive an action situation (Ostrom, 2005). Actors’ governance measures or rules can exert a different effect in a particular action arena due to different exogenous environments (Basurto et al., 2013). The categorization of these exogenous variables helps to efficiently analyze actors’ measures and actions (Figure 1). One strategy is to determine which natural resource allocations, institutions of the government and community, and market rules form the action situation’s components (Whaley and Weatherhead, 2014).
Natural resources refer to the foundational abiotic environment, such as the altitude, the geographic location, or the history of planting tea in a certain area, where actors and farmers perform their work. How a natural resource affects the action arena largely depends on the governance institution (Carazo-Rojas et al., 2018), which consists of local government regulation, committee publicity, and supervision from other farmers. Therefore, the action situation is the action arena in which actors can easily combine exogenous variables using an interaction model and subsequently have an effect on farmers’ non-green production behavior (Arias et al., 2014). This study combined informal rules with formal rules to regulate these farmers’ behavior. Informal rules are similar to formal rules in that they guide actors in deciding what is allowed (Ostrom et al., 1993). It is necessary to address a strategy for how governance power can be distributed so as to shape farmers’ pesticide use and how an efficient regulation of farmers’ behavior can be achieved, aimed specifically at different regions.
2.1.2 Research Method

1) Order Logit Model
It is particularly important to identify government and community goverance effects that may arise in the farmers’ green production. An order logit model is adopted as the predict model used to estimated the influence of government and community goverance effects on farmers’ green production. This model is constructed as follows:
[image: image]
Where [image: image] represents the farmers’ green production behavior (1 = if have unkind non-green production behavior; 2 = if have ignorance non-green production behavior; 3 = if have green production behavior in recently 5 years), [image: image] represents the government regulation effects, [image: image] represents the community governance effects, [image: image] represents this series of variables of the farmers’ characteristic variables.
2) Multi-Valued Treatment Effect Model
According to Linden et al. (Linden and Yarnold, 2016) multiple estimation strategies were provided by multivalued treatment effect models, including regression adjustment (RA)、inverse-probability weighting (IPW)、augmented inverse probability weighting (AIPW) and inverse probability weighted regression adjustment (IPWRA). From the perspective of promoting farmers’ green production behavior by government and community, this paper further analyzes the effect of policies more accurately, following Cattaneo (Cattaneo, 2010), a multi-valued treatment effect model (IPWRA) was used to analyze the average treatment effect of government regulation and community governance. The model is as follows:
[image: image]
Where [image: image] represents the parameters to be estimated, [image: image] and [image: image] repersent the state of government and community goverance, [image: image] represents the covariate.
2.2 Data Sources and Variable Selection
2.2.1 Data Sources
The data used in this study were taken from a survey of household tea farming between July and August 2018 in China. A multistage sampling procedure was used to collect the data. First, we selected two regions with long traditions of tea cultivation and that are home to the most famous common brands: the Qinba Mountain region (Shaanxi and Sichuan provinces; Figure 2A) and the Huangshan Mountain region (Anhui and Zhejiang provinces; Figure 2B). Almost all farmers in these regions are small-scale tea producers and are engaged in tea production and marketing for their livelihoods. Importantly, these regions show high densities of common tea brands and Geographical Indication Protection. They are also leading regions in the production of tea because they are endowed with the same climatic conditions. The first region, the Qinba Mountain region, located in the west of China, is a low-economic-status and poverty-stricken area in China. The second region, the Huangshan Mountain region, located in the east of China, is well known for its high-economic-status areas. Second, seven districts with a high density of tea production at the provincial level were selected, including the Ziyang, Xixiang, and Nanzheng counties in Shaanxi; the Wanyuan and Qingchuan counties in Sichuan; the Kaihua county in Zhejiang; and the Huangshan and Qimen counties in Anhui. Third, six villages from each county were randomly selected. Finally, approximately 16–20 farmers from each village were randomly selected according to their income level. In total, a sample of 818 farmers was collected using the household survey.
[image: Figure 2]FIGURE 2 | A map of the data source area. (A) Qinba Mountain area; (B) Huangshan Mountain area.
Before conducting questionnaire-based interviews, we trained the investigators. Face-to-face interviews were conducted by the investigators who spoke both the local language and Mandarin. The questions covered family information, labor input, land input, pesticide and fertilizer input, outcome variables, Geographical Indication Protection, and numerous other topics. The final dataset comprised 498 farmers from the Qinba Mountain region and 320 farmers from the Huangshan region.
2.2.2 Variable Selection

(1) Green and Non-Green Production Behavior
According to tea farmers’ spatial data with the “PRA+3 S” methods, ArcGIS10.4.1 was used to draw a spatial aggregate of farmers’ green and non-green production behavior, shown in Figure 3. The figure shows that farmers’ green and non-green production behavior presents obvious spatial aggregates in different regions. If the farmers have no overuse pesticides in recently 5 years, we defined it as green production behavior. If the farmers have overuse pesticides in recently 5 years, we defined it as non-green production behavior. The red points represent more pesticide overuse, and the green points represent more pesticide reduction behavior. The findings suggest that farmers’ non-green production behavior is similar in the same region but is substantially different between different regions. The most interesting result shown in Figure 3 is that farmers located in Shaanxi province engage in more green production. In contrast, farmers located in Sichuan, Anhui, and Zhejiang have more non-green production behavior.
2) Farmers’ Psychological State
[image: Figure 3]FIGURE 3 | Spatial aggregates of farmers’ green or non-green production behavior: (A) Qinba Mountain and (B) Huangshan Mountain.
To explore the reason for farmers’ non-green production behavior more in-depth, we divided them in to two groups (behavior of ignorance or behavior of unkindness) according to famers’ psychological behavior. Firstly, farmers’ green production knowledge and green or no-green production behaviors were captured in investigation. According to the deviation of knowledge and behaviors, if the famers have a low level of green production knowledge and have non-green production behavior, we defined it as the behavior of ignorance. But if the famers have a high level of green production knowledge and still have non-green production behavior, we defined it as the behavior of unkindness. Figure 4 presents the spatial aggregates of farmers’ ignorant and unkind behavior. The red points represent unkind behavior, and the green points represent more ignorant behavior. This shows that behavior also presents obvious spatial aggregates in different regions, especially in the county. Figure 4 shows that farmers located in Shaanxi and Sichuan are less unkind and that farmers located in Anhui and Zhejiang are unkinder. This paper provides a detailed analysis of why there is a substantial difference between similar regions, how governance power is distributed to shape farmers’ non-green production behavior, and how efficient regulation of farmers’ behavior can be achieved. We tried to design a strategy that adapts to local conditions.
3) Government Regulation
[image: Figure 4]FIGURE 4 | Spatial aggregates of farmers’ ignorant or unkind non-green production behavior: (A) Qinba Mountain and (B) Huangshan Mountain.
Government regulation means government takes measures (e.g., laws, punishment policy or quality supervision) on the whole production process of farmers. In this article, “if government regulates farmers’ pesticide use” is used as a variable description of government regulations to explore the impact of government regulations on farmers’ green production behaviors. According to previous research, government regulation plays a key role in changing farmers’ crop production behavior, particularly non-green production behavior (Yue et al., 2010). Many countries have proposed government regulation policies to ensure food safety and to reduce environment pollution (Bhandari et al., 2019). As shown in Figure 5, the survey data indicate that 48.8% of farmers in Shaanxi, 20.9% in Sichuan, 17.4% in Anhui, and only 1.6% in Zhejiang are regulated by the government. Therefore, government regulation in Shaanxi and Sichuan is significantly higher than that in Anhui and Zhejiang, and that is similar to the spatial aggregates of farmers’ ignorant and unkind behavior. Based on the empirical statistical analysis, we can hypothesize that government regulation can influence farmers’ ignorant and unkind behavior. This hypothesis is empirically verified in the next section.
4) Community Governance
[image: Figure 5]FIGURE 5 | The degree of government regulation in different provinces.
Community governance refers to an institutional system in which multiple entities such as village committees and farmers participate in the governance of farmers’ production behaviors. In this article, community governance refers to the process in which the village committee, farmers, and assembly jointly supervise the production of farmers. Currently, community governance is one of the most important actors of the rural revitalization strategy. Community governance can effectively regulate farmers’ behavior, and it can share the government’s financial pressure. Figure 6 shows the community governance performance in different provinces. According to Figure 6, farmers in Shaanxi show the most advanced management, which is similar to the spatial aggregate of farmers’ non-green production behavior. That is to say, there appear to be similar trends among community governance and non-green production behavior. This presents the hypothesis that community governance has a significantly negative effect on farmers’ non-green production behavior. This hypothesis is empirically verified in the next section.
5) Farmers’ Total Characteristics
[image: Figure 6]FIGURE 6 | The degree of community governance in different provinces.
Supplementary Table S1 reports the descriptive statistics for the variables used in this study. The farmers engaging in green production behavior show a green production value of 1.4866, which means that the level of green production of farmers is normal. Twenty-seven percent of farmers have regulated their pesticide use due to the government. This suggests that the government regulation of pesticide use is still in its initial stage. It is expected that community governance will do its best to increase low regulator levels. Community governance includes farmers’ supervision, community publicity, and assembly supervision. Farmers’ supervision represents the degree of supervision between farmers. Supplementary Table S1 shows that the farmers’ supervision is approximately 3.2983, which means that farmers’ supervision is at a high level and can regulate farmers’ behavior in most cases. Only 26% of farmers have been accepted for public training by the community. Meanwhile, only 29% of farmers need to be checked for tea quality by the assembly. Therefore, the statistics show that community public training and assembly supervision are both at a low level and need to be reinforced in the next step.
3 RESULTS
3.1 The Impacts of Government Regulation and Community Governance on Green Production Behavior
This section shows the impacts of government regulation and community governance on farmers’ pesticide use. Farmers’ pesticide use is divided into two parts: green production behavior and non-green production behavior, which is either ignorant or unkind. To explore how governance power and community governance can shape pesticide use and how the efficient regulation of farmers’ behavior can be achieved, order logit models were used. The results are shown in Supplementary Table S2.
Supplementary Table S2 shows the effect of government regulation and community governance on green production behavior. The variable representing government regulation has a positive and significant impact on green production behavior. As expected, the variable for government regulation has a significant negative impact on farmers’ unkind behavior, suggesting that government regulation can prevent unkind behavior. However, the variable representing community governance has a positive and statistically significant effect on unkind non-green production behavior, suggesting that community governance could lead to more unkind non-green production behavior than green production. The reason for this is that, though the community can improve farmers’ knowledge of green production, there is no strict constraint on farmers’ behavior. Farmers whose goal is to maximize their interests will naturally choose unkind behaviors that benefit them. They contribute to diverse governance measures that adapt to different regions according to the differences in non-green production behavior, ignorant or unkind. This is associated with less non-green production behavior, which contributes to providing a strategy that improves the degree of green production in agriculture (Kayhan, 2015).
Moreover, the variables representing party members have a positive and significant impact on farmers’ green production behavior. The reason for this is that a farmer who is a member of the party is more politically inclined to produce green products. This positive impact of being a party member and the degree of information on reducing farmers’ non-green production behavior is in line with previous studies (Schreinemachers et al., 2016). The degree of information has a positive and significant impact on farmers’ unkind non-green production behavior. This supports findings that information can improve farmers’ knowledge of green production in terms of the convenience of the acquisition of said knowledge as well as multi-party market information. Furthermore, a higher degree of information could reduce speculation costs and influence farmers’ values. This shows that farmers’ correct values and positive attitudes on green production would effectively reduce farmers’ unkind behavior. The findings further confirm that the cost of acquired information is associated with unkind behavior. In addition, the variables representing the brand traceability system and the rate of tea income significantly accelerate green production behavior. Meanwhile, the tea income of farmers is the biggest motivations throughout the production process. Ensuring higher tea income is the key to ensuring green production for farmers.
3.2 Multi-Valued Treatment Effect Analysis for Three Discrete Outcomes
The differential promotion effect of government regulation and community governance on farmers’ green production was estimated using the order logit model. Aimed at assessing the impact of policies more accurately, a multi-valued treatment effect model was used to analyze the average treatment effect of government regulation and community governance. This model was also used to check the robustness of the obtained results. Inverse probability weighted regression adjustment (IPWAR) was adopted to analyze the average treatment effect of government regulation and community governance. The results are shown in Supplementary Tables S3, S4.
Supplementary Table S3 shows that farmers’ green production behavior is significantly promoted by government regulation. The ATE value is 0.1393, and the level of significance is 5%. This means that government regulation can promote farmers’ green production behavior and significantly restrain farmers’ unkind behavior.
Supplementary Table S4 shows that community governance has a negative effect on farmers’ green production behavior. This means that community governance can promote farmers’ non-green production behavior. Moreover, this could lead to farmers’ unkind behavior. The green production behavior of surrounding farmers has a significant positive average treatment effect on farmers’ unkind behavior. If there is a higher level of green production among the surrounding farmers, more farmers engage in unkind behavior. This is consistent with the above research conclusion. However, community publicity and assembly supervision have no significant average treatment effect on farmers’ green production behavior.
4 DISCUSSION
Farmers’ pesticide use is affected by various factors. Among them, government regulation and community governance have a greater impact. However, targeted government regulation and community governance institutions are necessary to guarantee food safety at low financial costs.
The results obtained from the descriptive statistics suggest that there is a substantial difference in pesticide use between county regions, regardless of the green production behavior or ignorant and unkind behavior. Sun, H et al. (Sun et al., 2020) also indicated that the behavior of club clusters would be formed in a sub sample of every decade. As shown in Figure 3, farmers’ behavior shows an obvious spatial agglomeration, which means that green or non-green production behavior is similar in the same geographically indicated protected areas. There is a considerable difference in spatial accumulation in the different geographically indicated protected areas. Therefore, it is particularly important to formulate differentiated regulatory policies for different geographically indicated protected areas. This lends credit to the idea that community governance has a significant inhibiting effect on farmers’ pesticide overuse. Therefore, in Geographical Indication Protection areas with serious pesticide overuse, attention should be paid to the regulatory role of community governance. However, empirical research also shows that community governance aggravates the occurrence of unkindness. Among the farmers who apply excess pesticides, the above discussion also shows that government regulation can effectively restrain the unkind behavior of farmers.
Formal and informal institutions (e.g., government regulation, community governance, and market rules) create these governance power relationships. Moreover, government actors directly design the formal institutions that are subsequently implemented and then distributed by the community, which plays a complementary role. Formal and informal institutions are both identified as core driving forces for improving farmers’ green production in agriculture (Casson et al., 2010). For instance, the empirical result shows that, given the positive and significant role of community governance in inhibiting farmers’ non-green production behavior, the power of community governance should be further enhanced and distributed while government regulation can significantly prevent farmers’ unkind behavior. However, community governance can significantly exacerbate unkind behavior. The main reason for this is that, while community governance can improve farmers’ knowledge, there is no strict law constraint on farmers’ behavior. Consequently, community governance should not be enhanced in regions where farmers’ unkind behavior is aggregated.
Government regulation plays an essential role in smallholders’ behavior in many developing countries. While numerous studies have estimated the impact of government regulation on non-green production behavior, little attention has been paid to exploring how community governance with government regulation affects pesticide use. There is also a lack of awareness of efficient measures according to different spatial agglomeration. In addition, there is no literature on the subdivision of pesticide overuse into ignorant and unkind behavior. The existing literature has found many interaction patterns and outcomes among actors (local governments, community, and the market) within institutions created with national resources and local governance systems. By applying the IAD theoretical concepts, this study analyzed these interactions in a coherent manner. The results of the case study in China showed that, although the measures and relationships of governments and communities vary, farmers’ pesticide use decisions are shaped by a similar set of exogenous variables that result in the use of different governance approaches. Both the institution’s role and rules are core drivers of these various behaviors (Brodrechtova et al., 2018). The description of the sample and the behaviors’ spatial aggregates indicate a difference in national resources.
Combined with the descriptive statistics and empirical results, formulating adjusted measures to local conditions is necessary. For instance, in Shaanxi and Zhejiang, more attention should be paid to community governance. However, the pesticide use of farmers located in Sichuan and Anhui should be regulated by the government due to a higher probability of unkind behavior. Community governance can efficiently prevent farmers’ non-green production behavior, and government regulation can efficiently prevent farmers’ unkind behavior if farmers present non-green production behavior.
One of the key steps in distributing governance power to shape farmers’ pesticide use was achieved by empirical analysis. As indicated in Section 3.1 and Section 3.2, another key step is the efficient regulation of farmers’ non-green production behavior, making adjustments based on local conditions. Therefore, based on the spatially distributed differences in pesticide use and in the ignorant and unkind behavior of farmers, policy suggestions suitable for different Geographical Indication reserves would be put forward.
5 CONCLUSION AND POLICY IMPLICATIONS
Most scholars have only used a single mothed to analyze farmers’ green production. However, this study applied an order logit model, a multi-value treatment model, and the “PRA+3 S” method to analyze Qinba Mountain and Huangshan Mountain data. Aimed at exploring the differences in farmers’ green or non-green production behavior between the two mountain regions, this study further explored the effect of government regulation and local community governance on reduced pesticide use behavior. Another essential objective of this study was to assess how the local government can cooperate with the local community to achieve the objective of reduced pesticides and to formulate government and community policies that vary according to resource endowments in different regions.
Geographically, the research on the spatial agglomeration behavior of farmers is relatively extensive, but it is rare in management. This paper studies the cross-integration of geography and management Figure 3 clearly shows that farmers located in Shaanxi and Zhejiang have a greater probability of reducing pesticides under the present governance. Moreover, Figure 4 shows another spatially aggregated phenomenon that suggests that farmers located in Sichuan and Anhui have a greater probability of engaging in non-green production behavior due to unkindness.
According to the results of the IAD framework, the effects of the actors (e.g., the government, community, and market) come together to determine what regulation should be made in a particular situation. Other studies that only attention on one of the actors, for instance, Ziheng Niu et al. (Niu et al., 2022) found that community peer effects could improve farmers’ adoption of cleaner production technology, Fuduo Li et al. (Li F. et al., 2020) found that government compensates does let farmers’ aware of more environmental value of the Green Manure Planting Program. Meanwhile, no scholar divided non-green production behaviors into ignorant and unkind behavior for in-depth research. However, the relative impact of government and community governance across studies, which is expected to propose targeted policies to improve farmers’ green production behavior efficiently based on the spatially aggregated phenomenon and mental behavior. Our results indicate that farmers’ non-green production behavior is negatively impacted by community supervision but are not significantly impacted by government regulation. Although some references found that community supervision had a greater impact on the perceived value-green production willingness path of farmers’ agricultural green production than the variable non-community supervision (Li M. et al., 2020). Our results also show that unkind intentions cause most farmers to increase their application of pesticides. Farmers’ unkind behavior is negatively impacted by government regulation and positively impacted by community supervision. Community supervision improves farmers’ knowledge and thus reduces the possibility of ignorance.
A one-size-fits-all policy can significantly increase fiscal costs. On the contrary, the proposal of targeted policies can not only reduce the cost of government governance, but also effectively improve the efficiency of regulation. Therefore, it is necessary to propose targeted policy in this study. Targeted policy can be formulated by combining descriptive statistics and empirical results, for instance, the finding that, in Shaanxi, community governance should be paid more attention than in Zhejiang province. However, the pesticide use of farmers in Sichuan and Anhui should be regulated by the government due to a higher probability of unkind behavior. More precisely, community governance can efficiently prevent farmers’ non-green production behavior and government regulation can efficiently prevent farmers’ unkind behavior. Similarly, Ataei et al. (Ataei et al., 2021) noted that farmers’ mental behavior (perceived benefits, perceived susceptibility, moral norms and self-identity) influenced the intention to use green pesticides. Therefore, our findings show that the government and community are associated with pesticide use. Hence, government regulation and other policy incentives for smallholder farmers to choose green and eco-friendly production methods in agriculture contribute to inclusive food safety and environmental protection for China.
Government should strengthen monitoring and statistics of agricultural production data, and construct a more scientific and rational agricultural green production measurement system (Liu et al., 2020). Our results have essential policy implications. The results of this study show important factors that affect farmers’ green production behavior and find efficient governance measures that adapt to local conditions. Therefore, our findings show that formal and informal institutions are associated with pesticide use. Multi-valued treatment effect analysis results show that the ATE value of government regulation on farmers’ green production is 0.1393, and the level of significance is 5%. This means the probability of farmers with government regulation to adopt green production behaviors increases by 13.93% and significantly restrain farmers’ unkind behavior. Hence, government regulation and other supplemental policies serve as incentives for smallholder farmers to adopt green production technology and to contribute to the objective of inclusive food safety and environmental protection for China (Orcos et al., 2018). Meanwhile, long-term policies with increased technological progress can address green production issue (Sun et al., 2021). Furthermore, government regulation and extension policy (e.g., community governance) could allow for farmer training and supervisory programs to enhance farmers’ knowledge on pesticide reduction. These are necessary conditions to ensure rural food safety and environmental protection and to develop the economy of tea farmers in a rapidly changing environment.
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Based on an analysis of the function of technology finance for green high-quality development, this paper selects 35 basic indicators from the five dimensions of innovation, coordination, greenness, openness, and sharing to construct an Green High-quality Development Index. Moreover, 14 basic indicators are selected from the three dimensions of technology finance resources level, technology finance input level, and technology finance output level to construct a technology finance development evaluation system. Then, using the entropy method, panel data from the period 2000–2020 from China’s 30 provinces was employed to assess the Economic Quality Development Index and the Technology Finance Development Index. The results show that provinces and cities with a good economic development level have a relatively high level of strong economic and technology finance development, including Beijing, Shanghai, and Jiangsu. Moreover, the results reveal a certain gap between different provinces. Multiple regression, static panel regression, dynamic panel regression, the static space Dubin model, the dynamic space Dubin model, and the semi-parametric space lag model were used to test the effect of technology finance on China’s green high-quality development. This study found that technology finance has significantly enhanced green high-quality development of China’s as a whole through a non-linear promotion effect. To better promote green high-quality development, the following measures are recommended: 1) improving the level of technological and financial development, 2) increasing the scale of government expenditures, 3) strengthening infrastructure construction, 4) accelerating the construction of new urbanization, and 5) improving the level of human capital.
Keywords: technology finance, entropy method, nonlinear spatial lag model, nonlinear spatial correlation, green high-quality development
1 INTRODUCTION
The report of the 19th National Congress of the Communist Party of China pointed out that “socialism with Chinese characteristics has entered a new era, and China’s economy has shifted from a stage of high-speed growth to a stage of high-quality development.” China adheres to the new development concept - promoting green transformation in economic development and achieving greater development in green transformation. In the first year of the “14th Five-Year Plan”, green is becoming a bright background for high-quality development. General Secretary Xi Jinping pointed out that green and high-quality development is the organic integration of green development and high-quality development, and the organic integration of new development concepts and high-quality development in terms of scientific connotations, paths and mechanisms. Green development is an inevitable requirement for building a high-quality modern economic system and a fundamental solution to the pollution problem. Green high-quality development emphasizes new development concepts, especially green development to lead economic development, that is, green innovation, coordination, openness and shared development. Green and high-quality development needs to be understood from all aspects of the new development concept. The new development concept is an organic whole, and the five development concepts of green, innovation, coordination, sharing and openness are synergistic relationships that promote and strengthen each other. Green high-quality development includes not only green development, but also the contents of the other four development concepts. Promoting and realizing green and high-quality development is to solve the contradiction between the people’s growing demand for a better life and the unbalanced and insufficient development. The future direction of China’s economic development must give priority to quality and efficiency, and focus on changes in quality, efficiency and dynamics. Therefore, it is of great significance to establish a Green High-quality Development Index evaluation system to measure the level of green development in various regions and the gap between regions.
With the aim of expanding previous studies, this paper explores a new application of the entropy method to measure and promote the development of science and technology finance. To achieve this goal, the present paper constructs a Green high-quality development Index based on five dimensions and uses the entropy method for calculation and analysis, setting a foundation for the subsequent quantitative analysis of the impact of various factors on green high-quality development. Moreover, the level of technology finance development is difficult to measure directly. Therefore, this paper constructs a Technology Finance Development Index based on three dimensions and employs the entropy method to conduct an analysis. The paper offers new insights into the study of technology finance development.
The multiple regression, fixed effects, random effects, system GMM, and spatial Dubin models all show that there is a positive correlation between technology finance and green high-quality development. Thus, developing technology finance plays a key role in promoting green high-quality development. More specifically, the semi-parametric estimation model shows that the green high-quality development of various provinces in China does not have a purely linear relationship with science and technology finance. With the continuous improvement of science and technology finance, the marginal contribution to the China’s green high-quality development is gradually decreasing. At a time when the level of technology finance is low, every increase in this level—even by one unit—will significantly improve the rate of green high-quality development.
2 LITERATURE REVIEW
Bei, (2018), He (2018), Ren and Li, (2018), and Meng and Xing, (2018) have analyzed the meaning of high-quality economic development. It is generally believed that high-quality development is no longer about purely pursuing economic aggregates and economic growth, but that it should focus on the balanced development of an economy, society, and the environment to achieve more efficient, fairer, and more sustainable development. Lu et al. (2019) define high-quality economic development based on four aspects: economic growth, innovative development, ecological civilization, and people’s livelihood development. Liu and Guo, (2020) has established an indicator system for evaluating high-quality economic development based on the five development concepts of innovation, coordination, greenness, openness, and sharing. Zhou et al. (2019), Gong & Zhang (2021), Yang and Zhang (2021) select indicators from multiple dimensions including economic development, structural coordination, innovation drive, open upgrade, ecological civilization, and achievement sharing to employ the High-quality Economic Development Index.
Both the sustainable development theory and the green growth theory originated from the Western academic circles. Jenkins (2002), released EU’s sustainable development strategy begins with the 2001 policy document “Sustainable Europe makes the world a better place: EU strategy for sustainable development”. Sustainability in the EU was revised in 2006 as various external factors changed. The Organization for Economic Co-operation and Development (OECD, 2011) released the Green Growth Indicator System in 2011, proposing a framework including 5 items including economic opportunity, policy response, ecological productivity, green asset base and environmental quality, and 14 topics including green policy response, renewable energy and other 25 indicators. In 2012, on the basis of the Organization for Economic Cooperation and Development (COECD), the Netherlands constructed a green growth indicator system with 34 indicators, mainly including environmental efficiency, natural resource base, living environment quality, policy response and economic opportunity. Guo et al. (2015) constructed an index system of county green development level including three first-level indicators including government policy support, and conducted an empirical study on the green development level of Ningxia County. Based on the actual situation of Yunnan Province, Ma Xing (2018) constructed a green economy development evaluation index system including four first-level direct indicators of resources, environment, society and economic benefits, and 22 second-level indicators such as urban sewage treatment rate. Dou, (2020) constructed a green and high-quality development evaluation index system, and analyzed the green and high-quality development levels of China’s provinces and municipalities from 2012 to 2017.
Berger (2003), Tadesse (2006), Ang (2010), Neff (2003), Zetzsche et al. (2017), Kang (2018), Raghupathi & Raghupathi (2019) have found that with technological advancements, banks can create new business types and improve service levels, resulting in better integration of the entire banking industry. Market-led financial institutions are more conducive to contributing to technological progress.
Some scholars proposed a broader definition of technology finance as a systematic and innovative arrangement of financial tools, systems, policies, and services to promote technological innovation as well as the transformation and development of high-tech industries and entities—e.g., governments, enterprises, markets, and social intermediaries—to provide financial resources for scientific and technological innovation activities. These entities and their behavioral activities in the process of scientific and technological innovation constitute a system. In other words, they make up an important part of the national scientific and technological innovation and financial system. Fang (2010), Xie (2014), Liu, (2017), Kou, (2018) have conducted research on the significance of technology finance, pointing out that technology finance is the product of the integration of technology and financial innovation. Wang, (2015) and Yang et al. (2020) have employed various methods—such as the Malquist index model and projection pursuit model—to construct an evaluation index system to measure technological and financial development.
A few scholars have specialized in the impact of technology finance on high-quality economic development. Han et al. (2018) have analyzed science and technology from a theoretical perspective, focusing on the relationship between finance and high-quality economic development. More specifically, Wang and Gu, (2021) constructed a high-quality development evaluation system based on the five dimensions of innovation, coordination, greenness, openness, and sharing. They then used inter-provincial panel data from China to empirically test the effect of technology finance on China’s high-quality economic development as well as its influential factors.
As described above, theoretical and empirical research on the high-quality development of technology finance and the economy is becoming more abundant. This research has not only laid a solid theoretical foundation for the development of science and technology finance but also provided important insights into its relationship with high-quality development. However, within the context of China’s economy entering a stage of high-quality development, research has remained relatively insufficient regarding the effects of the high-quality development of technology finance. In particular, there has been a lack of empirical system testing, which is not conducive to the application of technology finance to high-quality economic development. Therefore, this paper considers both theoretical and empirical perspectives and systematically discusses the issues related to the high-quality development of technology finance and the economy.
3 MECHANISM ANALYSIS OF TECHNOLOGY FINANCE TO PROMOTE GREEN HIGH-QUALITY DEVELOPMENT
3.1 Theoretical Analysis of Technology Finance to Promote Green High-Quality Development

1) Technology finance promotes economic innovation and development. Technology finance can boost the innovation and development of the economy. Technological finance synergizes the two elements of technological innovation and modern finance. Technological innovation through modern financial services, thereby promoting the development of the real economy. The financing function of technological finance is conducive to increasing corporate innovation financing. The risk management function of technological finance can help prevent and resolve many risks faced in the innovation process. The incentive and supervision function of technological finance can effectively avoid adverse selection and moral hazard problems, improve the probability of enterprise innovation success, and reduce innovation risks. The information identification function of technological finance helps capital flow from inferior projects to high-quality projects and improves innovation efficient.
2) Technology finance promotes coordinated economic development. The development of science and technology finance can further promote the progress of agricultural technology and agricultural modernization, increase farmers’ income, support urbanization, increase rural fixed asset investment, and improve the urban-rural dual structure. At the same time, technology finance development can further enhance the growth of high-tech industries to better optimize the industrial structure. In addition, the development of science and technology finance can better guide investors to invest in upgrading industries. Finally, technological progress can create new types of consumption types, stimulating consumption and regulating the proportion of investment and consumption.
3) Technology finance promotes the economy’s green development. The capital allocation function of science and technology finance can help to better allocate financial resources to enterprises with high technological content and green production, prompting the continuous transformation of “three highs” enterprises and promoting the green transformation of traditional enterprises and the development of new green industries. Technology and finance development can help enterprises to improve production processes, achieve higher levels of energy conservation and emission reduction, engage in green production, and promote the realization of green economic development. Green development plays an important role in energy consumption, energy conservation and sustainable economic development. Such as Sun et al., 2019, Sun et al. (2021).
4) Technology finance promotes economic openness and development. The openness is essential to the economics, Alam and Murad, (2020), Bui and Bui, 2020, Kong et al. (2021) believe that openness is good for economic development. Technology finance development can also promote technological innovation. In turn, technologically innovative countries will use their technological advantages to increase the scale of exports, and technological innovation will bring about transnational technology transfer. The availability of advanced technology is an important factor for companies to invest abroad. Countries with stronger technological advancements are more likely to attract foreign investment. Moreover, technological advantages will produce excess profits, thereby expanding foreign investment.
5) Technology finance promote sharing economic development. Many scholars have studied the sharing economy. They think that sharing economy contributes to economic development. Such as Hamari et al., 2016, Zhang et al. (2018), Roy, (2021). Technology and finance can enable the realization of shared economic development, welfare sharing, and financial sharing. Technology and finance development can produce new economic growth and a broader employment space, providing a material guarantee for the promotion of welfare sharing. At the same time, technology finance supports the continuous innovation of financial products, which can further reduce transaction costs, diversify risks, and improve financial institutions’ profitability. A number of financial institutions have already carried out product innovations to help enterprises realize financial sharing.
3.2 Variables
3.2.1 Explanatory Variables
This paper adopts the Green High-quality Development Index as its explanatory variable, featuring five dimensions: innovation development (innovation input, innovation output), coordinated development (regional coordination, urban-rural coordination, industrial coordination, investment and consumption coordination), green development (green production, green life), open development (open trade, open investment), and shared development (welfare sharing, financial sharing). For this study, 35 basic indicators were selected to measure the Green High-quality Development Index (see Table 1 for details). Innovative development is the driving force for achieving green high-quality development. Meanwhile, a coordinated economic structure is not only a necessary condition for green high-quality development but also the inevitable result of such development. Green development is also an important part of green high-quality development, and open development is required for sustained economic growth. Shared development is another result of green high-quality development. Constructing an indicator system based on the above five perspectives can therefore enable us to comprehensively examine all dimensions of green high-quality development and make a reasonable evaluation of the level of such development.
TABLE 1 | Evaluation system for green high-quality development.
[image: Table 1]3.2.2 Explanatory Variables
Based on the prior research, the indicators from the dimensions of the level of technology financial resources, the level of technology finance input, and the level of technology finance output are selected to construct the Technology Finance Evaluation Index. Table 2.
TABLE 2 | Technology finance evaluation index system.
[image: Table 2]3.2.3 Control Variables
This study’s selection of control variables mainly draws on the research of Pan and Luo, (2020) and Zhou and He, (2020). The following control variables were chosen: government intervention (general budget expenditure/regional GDP), infrastructure (grade road/area), urbanization rate, number of years of education, and proportion of higher education (Table 3 for details). The data was derived from the China Statistical Yearbook.
TABLE 3 | Definition of main control variables.
[image: Table 3]Government expenditure level (GOV) is related to finance as the foundation and key pillar of national governance; thus, it has played a primary role in promoting economic growth, providing public services, regulating income distribution, and protecting the ecological environment. The higher the level of government expenditure, the more conducive conditions for green high-quality development. In other words, the level of government expenditure is directly proportional to the level of green high-quality development.
Infrastructure is the cornerstone of economic and social development, fulfilling a strategic and important role. Thus, infrastructure construction (INF) can better stimulate the endogenous and new kinetic energy of economic development. INF will not only help alleviate the adverse effects of the new pneumonia epidemic and effectively respond to downward pressures on the economy, but it will also help enterprises to respond to challenges as they transform and upgrade themselves. Therefore, INF can effectively help China’s economy achieve high-quality development. Infrastructure construction is also directly proportional to the level of green high-quality development.
For urbanization level (URB), promoting the high-quality development of China’s new-type urbanization is an important way to accomplish the goal of rural revitalization. The report of the 19th National Congress of the Communist Party of China pointed out that China’s economy has shifted from a stage of rapid growth to a stage of high-quality development. Urbanization is the only way to achieve green high-quality development, and urbanization level is also directly proportional to the level of green high-quality development.
The enhancement of green high-quality development is inseparable from the improvement of people’s overall quality of life, and education level is an important factor affecting that overall quality of life. Thus, the higher the level of education (PRO), the stronger people’s innovation consciousness and ability, resulting in more conducive conditions for green high-quality development. Education level is also directly proportional to the level of green high-quality development.
3.3 Entropy Method
This paper adopts the entropy method to calculate the Green high-quality development Index and Technology Finance Development Index. The entropy method is widely used, such as Zhang & Wang, (2019), Jiang et al. (2020).
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In the above formula, [image: image] is the actual index value, [image: image] is the standardized value, [image: image] is the year, [image: image] is the specific index item, [image: image] is the maximum value of the [image: image] index item, and [image: image] is the minimum value of the [image: image] index item.
Calculate the proportion of the [image: image] index value for the [image: image] year:
[image: image]
In the above formula, [image: image] is the proportion of the [image: image] index value in the [image: image] year after standardization, [image: image] is the total number of years, and [image: image] is the standardized index value.
Calculate the entropy value of the [image: image] index
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In the above formula, ensure that [image: image] when determining the [image: image] value, [image: image]
Calculate the entropy redundancy of the [image: image] index:
[image: image]
Then, calculate the weight of the [image: image] index:
[image: image]
Finally, calculate the comprehensive evaluation score:
[image: image]
In the above formula, [image: image] represents the comprehensive index of the subsystem in the [image: image] year, while [image: image] represents the standardized index value.
3.4 Model Setting
3.4.1 The Impact of Technology Finance on Green High-Quality Development Based on Panel Regression
After employing the multiple regression model to analyze the green high-quality development of technology finance, this study adopted the panel regression model to analyze the relationship between technology finance and green high-quality development.
First, this paper establishes a static panel regression model; then, considering that green high-quality development is a dynamic process with endogenous problems, a system GMM model for research was further established. The specific model is presented below.
Static panel regression model:
[image: image]
Dynamic panel regression model:
[image: image]
[image: image] represents the explanatory variables, [image: image] represents green high-quality development, [image: image] and [image: image] represent the regression coefficient, [image: image] represents the Technology Finance Development Index, [image: image] represents the level of government expenditure, [image: image] represents infrastructure construction, [image: image] represents the urbanization level, and [image: image] represents the education level.
3.4.2 The Impact of Technology Finance on Green High-Quality Development Based on Spatial Panel Regression
After identifying a significant spatial correlation between the China’s green high-quality development and the Technology Finance Development Index, the spatial effect between high-quality development and the development of technology finance cannot be ignored. Therefore, it is necessary to further employ the space measurement method to derive in-depth results. The form of the static space model is detailed below.
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Here, [image: image] represents the individual effect, [image: image] is the time effect, [image: image] is the spatial regression coefficient, [image: image] is the spatial auto-correlation coefficient, [image: image] represents the regression coefficient, [image: image] is the spatial weight matrix, and [image: image] and [image: image] represent the error term.
Typically, spatial measurement models are divided into the following three types: spatial error model (SEM), spatial auto-regressive model (SAR), and spatial Dubin model (SDM).
The SEM model only contains the spatial autocorrelation of the error term, which is expressed in the formula:
[image: image]
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The SAR model usually contains the spatial autocorrelation term of the explained variable, which is expressed in the formula:
[image: image]
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Beyond the limitations of the SAR model, the SDM model adds an explanatory variable spatial autocorrelation term, which is expressed in the formula:
[image: image]
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This paper selected a specific model through the LM test, Hausman test, Wald test, and joint significance test.
As mentioned above, when studying China’s green high-quality development, the endogenous problem cannot be ignored. Thus, this paper further adopted the dynamic spatial regression model to conduct research.
The form of the dynamic space model is as follows:
[image: image]
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In the above analysis, we only considered the linear relationship between financial technology and China’s green high-quality development. It is necessary to examine the nonlinear relationship between technology finance and green high-quality development. This paper employed the semi-parametric space lag model to study the non-linear relationship between technology finance and green high-quality development.
[image: image]
[image: image] represents the space lag utility coefficient, and [image: image] is the non-parametric part.
4 EMPIRICAL ANALYSIS
4.1 Data Selection and Processing
As its object of study, this paper adopted panel data from 30 provinces, autonomous regions, and municipalities in China (excluding Tibet, Hong Kong, Macau, and Taiwan). The data was derived from the “China Statistical Yearbook”, the “EPS Database”, and the “China Science and Technology Statistical Yearbook”. The data for 2020 was obtained through forecasting, and any individual missing data was supplemented via the trend repetition method. Table 4 presents the data’s descriptive statistics.
TABLE 4 | Descriptive statistics of variables.
[image: Table 4]As Table 4 shows, the standard deviation of each variable is not overly large, indicating that there is a certain gap between variables in each region; however, that gap is not particularly prominent. It can also be seen from the maximum and minimum values of each variable that there is a certain gap between each variable across different years.
4.2 Calculation Results of China’s Green High-Quality Development
Table 5 and Figure 1 present the Green High-quality Development Indexes of China’s provinces and cities. In 2020, the economic development of various regions was affected to a certain extent by the new pneumonia epidemic. Therefore, when ranking the Green High-quality Development Indexes of various regions, we took 2019 as an example.
TABLE 5 | Green High-quality Development Index of various provinces and cities in China.
[image: Table 5][image: Figure 1]FIGURE 1 | Green high-quality development Index of various provinces and cities in China.
A certain gap was identified in the Green High-quality Development Index of various regions in China. Guangdong Province ranked first with an Green High-quality Development Index of 0.5758 in 2019, while Xinjiang ranked 30th with an Green High-quality Development Index of 0.22 in 2019. Clearly, there is a significant gap between Guangdong and Xinjiang. The Green High-quality Development Index of various provinces and cities exhibited a steady upward trend as a whole from 2000 to 2020, which is consistent with the actual conditions of steady green economic growth over the past 20 years.
The calculation results reveal that three places—Guangdong, Jiangsu, and Beijing—rank in the top three in terms of the Green High-quality Development Index. These three places are also major centers of economic development. Xinjiang, Qinghai, Ningxia, and other provinces rank relatively low on the Green High-quality Development Index over the years. The findings indicate that the level of green high-quality development has a positive relationship with regional economic development. In addition, there is a disparity in the economic development of China’s eastern, central, and western regions1. A disparity in the Green High-quality Development Index of these regions is also obvious: Eastern region > Central region > Western region.
4.3 Measurement Results of the Technology Finance Development Index
Table 6 and Figure 2 displays the Technology Finance Development Index of various provinces and cities in China from 2000 to 2020. The findings reveal that Beijing, Guangdong, and Shanghai rank in the top three for 2019 and other years. Moreover, these regions’ level of green high-quality development was also found to be in a leading position.
TABLE 6 | Technology Finance Development Index of various provinces and cities in China.
[image: Table 6][image: Figure 2]FIGURE 2 | Technology Finance Development Index of various provinces and cities in China.
As the capital of China, Beijing has accumulated a wealth of economic and various forms of human resources. Furthermore, many leading financial institutions, industry leaders, and high-tech companies have their headquarters in Beijing. Overall, Beijing is characterized by a strong atmosphere for the development of technology finance. Beijing is home to the most universities in China, and it is a city that employs a wide range of talent across many fields every year. The influx of talent is a major reason behind the acceleration of Beijing’s technology and finance development. In other words, Beijing is China’s economic, cultural, and technological development center. Its comprehensive strengths provide a solid foundation for the development of technological finance.
Meanwhile, Guangdong Province’s GDP in 2020 was 1,107.094 billion yuan. A province with strong economic development, Guangdong is located at the center of the Pearl River Delta. As the youngest city in Guangdong (and across the whole country), Shenzhen has developed significant economic resources. Many technology-based companies have settled there, making Shenzhen an innovative city. When it comes to technology and finance, Guangdong’s development in these areas is driven largely by Shenzhen.
As the third highest-ranking city, Shanghai features strong transportation development. Shanghai is an international financial center with a globally strategic position. China regards Shanghai as a window into the world, and the world often regards Shanghai as a doorway into China. The government’s support for Shanghai’s technology finance development is thus very strong. Additionally, Shanghai’s economic development advantages have attracted a significant talented workforce in the fields of technology and finance. Shanghai is also characterized by good educational resources. Many financial companies and innovative financial leaders have settled in Shanghai. Shanghai’s economic development is open and inclusive, with a strong financing environment, numerous financial institutions, and abundant resources. In sum, Shanghai’s technology and financial development is robust.
Beyond Beijing, Guangdong, and Shanghai, regions such as Guizhou, Jiangsu, and Chongqing also exhibited relatively high levels of technology finance development. Although Guizhou’s overall economic development level is not very high, more attention has been paid to technology finance investment in recent years in this city. Jiangsu is in an important location on the Yangtze River Delta, and it is home to many financial institutions and enterprises. Thus, its economic development level is one of the highest in the country.
As a municipality directly under the central government in southwest China, Chongqing is an important economic center. As a strategic fulcrum for the development of the western region, Chongqing has attracted abundant funding, talent, and enterprises. Consequently, Chongqing’s technology finance has developed rapidly.
The overall level of technology finance development in the three northeastern provinces is relatively low. These three provinces have suffered from a significant loss of talent in recent years. Additionally, given these provinces’ old industrial base, the development of financial institutions has been relatively weak. There has been a lack of investment in funding and resources for technology finance development, resulting in a relatively low overall level of such development in the three northeastern provinces.
The level of technology finance development in the central and western regions is lower than in the eastern regions. The level of economic and financial development in the central and western regions is insufficient to meet the demand for innovation, the technological infrastructure is imperfect, there is a lack of high-end technological talent, the technological market is immature, and the technological and financial ecological environment is still incomplete. All of these factors weaken the high-quality development of technological finance in these regions.
Overall, the level of technology finance development in China’s provinces and cities has exhibited a rising trend from 2000 to 2020. This trend is closely related to China’s various economic policies. Along with its economic development, China continues to encourage innovation, develop the financial market, and provide financial support and resources to technological innovation enterprises. Under the strategy of revitalizing the country through science and education and strengthening the country through abundant talent, the amount and quality of financial support for technological innovation has continuously increased. In sum, China’s technology finance development is in a stage of steady progress.
4.4 The Impact of Technology Finance Development on Green High-Quality Development Based on Multiple Regression and Panel Regression
Table 7presents the study’s findings regarding the impact of technology finance development on green high-quality development through multiple regression analysis, static panel regression analysis (fixed effects and random effects), and the system GMM model regression analysis.
TABLE 7 | Regression analysis results.
[image: Table 7]The results of multiple regression and static panel regression analyses reveal that technology finance development has an obvious positive impact on green high-quality development. Control variables such as government expenditure level, infrastructure construction, urbanization rate, and education level also have a positive impact on green high-quality development, which is consistent with the theoretical analysis.
Moreover, the system GMM analysis shows that the p values of the Hansen test and Arellano-Bond in the system GMM estimation are both greater than 0.1 after the residual error is tested. The p value represents the lowest probability level of mistakes made by rejecting the null hypothesis; thus, the null hypotheses of “all instrumental variables are valid” and “all disturbance items have no autocorrelation” cannot be rejected. In other words, the model passed the correlation test and its estimated empirical analysis result is effective. The system GMM model analysis reveals that the development of technology and finance not only has a positive impact on the overall index of green high-quality development, but also that the control variables—including infrastructure construction, urbanization rate, and education level—have a positive impact on such development.
4.5 Regression Results of Spatial Measurement of the Impact of Technology Finance Development on Green High-Quality Development
For this study’s theoretical analysis, we tested commonly used spatial measurement models to identify the most appropriate one. First, we employed the LM test to determine whether to use the SEM model or the SAR model. If the test finds both models to be suitable, we must consider the SDM model. Then, we must evaluate the model through the Wald test and likelihood ratio test (LR). After selecting one of these models, a Hausman test must be done to determine whether to use a fixed effects model or a random effects model. For spatial measurement, a joint significance test must also be performed. The joint significance test can help to determine whether to use an individual fixed-effect model or a time-fixed-effect model. The study’s empirical results are shown in Table 8.
TABLE 8 | Testing of spatial measurement models.
[image: Table 8]From Table 8 we can see that The LM test found that Spatial Doberman model should be used Based on the results of Hausmann’s test, a fixed-effects model was constructed. Finally, a joint significance test was performed. Therefore, we decided to use the double fixed effect model.
The results of the static space Dubin model and the dynamic space Dubin model as presented in Table 9 reveal that technology finance development can promote the green high-quality development of various provinces and cities in China. More specifically, the regression results of the static space Dubin model show that when China’s technology finance level increases by 1%, China’s Green high-quality development Index will increase by 0.17%. At the same time, the results of the dynamic space Dubin model show that the endogenous problem in China’s green high-quality development cannot be ignored. First-order lagging green high-quality development has a strong positive effect on the current level of green high-quality development, and it is significantly different from 0 at the 1% significance level. Meanwhile, the regression results of the dynamic space Dubin model suggest that technology finance also has a significant positive effect on green high-quality development with a regression coefficient of 0.063, which is significant at a significance level of 1%. However, whether a static or dynamic spatial Doberman model is adopted, only the static relationship of technology finance to China’s green high-quality development is considered. Thus, the nonlinear dynamic relationship between the two must be studied in greater depth using the semi-parametric spatial lag model.
TABLE 9 | Spatial regression results.
[image: Table 9]The results of the non-parametric spatial lag model in Table 8 and Figure 3 reveal the absence of a purely linear relationship between the green high-quality development of China’s provinces and technology finance, and that technology finance has a significant non-linear impact on green high-quality development. Figure 3 displays the derivative graph of China’s green high-quality development on technology finance, showing the degree to which China’s green high-quality development has increased due to a 1% increase in technology finance. Figure 3 clearly shows that along with the continuous improvement of technology finance, the marginal contribution to China’s green high-quality development has exhibited a gradual decline. When there is a low level of science and technology finance development, every increase in the level of such development will have a significant effect on green high-quality development. This reflects China’s current reality, as the country is in a critical period of transition from traditional finance to technology finance. Currently, the level of technology finance is still in its infancy. At this stage, improving the level of technology and finance will play a vital role in China’s green high-quality development; therefore, we must identify other important factors that can contribute to this improvement.
[image: Figure 3]FIGURE 3 | Derivative graph of green high-quality development to technology finance.
5 CONCLUSIONS AND POLICY RECOMMENDATIONS
This study employed the entropy method to measure China’s Green high-quality development Index and Technology Finance Development Index. The results show that there is a gap between the Green high-quality development Index and the Technology Finance Development Index in various regions. Moreover, Technology finance has significantly promoted China’s green high-quality development. Additionally, government expenditure levels, infrastructure construction, urbanization rate, and education level all have a significant positive impact on green high-quality development. Based on its findings, the study proposes the following policy recommendations.
5.1 Improving the Level of Technology and Finance Development in Various Regions to Promote Green High-Quality Development
Our empirical analysis revealed that there is a significant positive correlation between the level of technology finance development and green high-quality development. Therefore, it is important to increase technology investment, improve the financing system, and raise the level of technology finance development. Financial investment methods must be innovated and various industry guidance funds must be allowed to play a significant role. Other strategies include optimizing the structure of funding sources for technology finance, accelerating the development of venture capital, and improving the ecological environment and enhancing the efficiency of technology finance. It will be important to continuously improve the level of economic and financial development to establish a solid foundation for technology finance development, as well as expanding the level of information and communication construction, capital flow, industry-university-research cooperation, and technology transfer. Education investment must be strengthened and innovative talent must be nurtured as the total investment in scientific and technological resources is increased. It would be beneficial to build a full-scale technology market trading platform to provide services such as technology property rights transactions, intellectual property evaluation, and equity custody transfer. Additional strategies include adjusting the strategic layout of financial investment in science and technology; enhancing independent innovation capabilities; increasing support for basic, strategic, and original research; improving China’s overall level of scientific discovery, technological invention, and industrial innovation; and establishing a system of continuous innovation to sustain a long-term momentum for enhancing green high-quality development.
5.2 Increasing the Scale of Government Expenditures to Promote Green High-Quality Development
This strategy focuses on implementing a proactive fiscal policy to stimulate economic growth. To achieve green high-quality development, we must appropriately increase the scale of government fiscal expenditures. Of course, this expansion should not be done blindly, and it is particularly important to clearly define the boundary between the government and the market. The government and the market should stand in their respective positions and develop their individual strengths to complement each other’s advantages and avoid competition.
5.3 Increasing Investment in Infrastructure to Promote Green High-Quality Development
The study’s empirical analysis revealed that infrastructure construction has a positive role in promoting green high-quality development. Infrastructure development plays an indispensable role in a country’s economic development. Infrastructure construction is the driving force behind economic development, significantly contributing to the growth of the national economy. Therefore, it is critical to increase infrastructure investment and improve infrastructure conditions and services to enhance the economic development environment, which will better support green high-quality development.
5.4 Speeding up the Progress of New Urbanization to Promote Green High-Quality Development
The construction of a new type of urbanization must rely on the solid foundation of the real economy, and industrial development is key to revitalizing the real economy. Promoting the coordinated progress of industrial development and the construction of new urbanization is conducive to the urbanization of the agricultural population, thereby improving the quality of urbanization and realizing the goal of new urbanization with people at its core. Presently, China’s economy is shifting to a stage of high-quality development; thus, transforming and upgrading the industrial structure is an important task for updating the country’s economic development mode. To this end, strategies might include taking full advantage of the opportunity to transform the industrial structure and attracting social capital to play a role in industrial planning, industrial cultivation, construction, operation, etc.
While ensuring the coordinated development of industries and new urbanization types through institutional mechanisms, it is also important to create new jobs and provide a sustained and stable driving force for new-type urbanization.
5.5 Improving the Level of Human Capital to Promote Green High-Quality Development
Human capital refers to a form of capital that is embodied in people, often defined as the sum of production knowledge, labor and management skills, and individuals’ health status. The relationship between human capital and economic development is complementary and mutually reinforcing. In general, a country’s level of economic development as a whole determines the level of investment in and accumulation of its human capital. Moreover, the status of human capital has a negative effect on all aspects of economic society. Therefore, we must reform training methods to support talented workers; in particular, it is important to improve the “production, study, and research” training approach so that workers can develop through a first-class learning and scientific research environment. The talent selection system must also be upgraded as workers’ innovation and creativity are fostered to the greatest extent. Finally, we must provide a first-class platform and sufficient policy support for workers to engage in entrepreneurship and innovation, fully contributing to economic and technological advancement.
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FOOTNOTES
1The western region includes Shaanxi, Gansu, Qinghai, Ningxia, Xinjiang, Sichuan, Chongqing, Yunnan, Guizhou, and Tibet. The central region includes Shanxi, Inner Mongolia, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei, and Hunan. The eastern region includes Liaoning, Beijing, Tianjin, Hebei, Shandong, Jiangsu, Shanghai, Zhejiang, Fujian, Guangdong, Guangxi, and Hainan.
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To develop green finance and ensure the goal of carbon peaking and carbon neutrality, China set up the pilot zones for green finance reform and innovation in 2017. We empirically tested the policy effect of the pilot zones with data from 2010 to 2019 for prefecture-level cities in China. The study shows that the pilot zones have induced an effect on regional green technology innovation, reflected in the application and acquisition of both green invention patents and green utility patents, and the promotion effect is better for green utility patents than green invention patents, which is supported by the robustness test using PSM-DID. This study provides theoretical support and empirical evidence for evaluating the policy effects of the pilot zones and provides a reference for the differentiated formulation of green financial policies.
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1 INTRODUCTION
With the Chinese government’s increased investment in sustainable development in recent years, the low-carbon economy and green economy featuring low pollution, low energy consumption, and low emissions are gradually replacing the development model of high pollution, high energy consumption, and high emissions. The green economy has become the inevitable direction of regional development. Therefore, integrating finance with the concept of sustainable development and developing a green finance model has become an unavoidable direction and a realistic choice for the development of China and other countries in the world. Green finance means that the financial sector takes environmental protection as a basic policy, considers potential ecological impacts in investment and financing decisions, integrates potential returns, risks, and costs related to environmental conditions into the daily business of finance, focuses on the protection of the ecological environment and the management of environmental pollution in financial operations, and promotes the sustainable development of society through the guidance of social and economic resources. With the government’s strong advocacy of green finance, various regions also regard green finance as a strong driving force to promote the high-quality development of the green economy. Several provinces and cities in China have started to explore green finance practices actively, including setting up pilot zones for green finance innovation, establishing green industry funds, providing support for green credit and tax policies.
In this context, in June 2017, The State Council, China’s Cabinet, announced it is setting up pilot zones for green finance reform and innovations1. The pilot zones were in the Xinjiang Uygur autonomous region and Guangdong, Guizhou, Jiangxi, and Zhejiang provinces. The State Council decided to build pilot zones for green finance reform and innovations with their characteristics and explore replicable ways to boost green financing in the institutional mechanism. Table 1 shows the planned development programs for different regions. As shown in Table 1 2, the pilot zones can be divided into three categories: Zhejiang and Guangdong, the second category are Guizhou and Jiangxi, and the third category is Xinjiang. Zhejiang should explore applying the development concept of “lucid waters and lush mountains are invaluable assets” in the financial field and innovate green finance to transform and upgrade traditional industries. Guangdong focuses on developing green financial markets. Xinjiang focuses on exploring green finance to support modern agriculture, clean energy resources, etc. Guizhou and Jiangxi need to explore how to avoid the old path of “grow first, clean up later” and use the abundant green resources to develop green finance and build a green development approach.
TABLE 1 | Comparison of pilot zones for green finance reform and innovation.
[image: Table 1]As we all know, China’s planning generally takes 5 years as a cycle, such as now in the 14th Five-Year Plan period, and the entire plan should be evaluated after 5 years for subsequent decision-making. As the pilot zones have been established for nearly 5 years since June 2017, there is an imminent need to evaluate the policy effects of the pilot zones. In these 5 years, the progress made in green finance development and innovation in the pilot zones compared to other regions is also a common issue of interest for both the government and academia. Because of this, this paper examines the impact of the establishment of the pilot zones on regional green innovation activities by using green patents as the research object and examines the heterogeneity of the impact through further classification of green innovation activities. This study theoretically helps to understand the mechanism of policy influence on regional green innovation and provides a realistic basis for summarizing the successful experience of the pilot zones and extending it to other regions.
When implementing green financial policies, discovering variables that can “catalyze” the effect of regional green innovation is of great value in improving supporting policies. The moderating effect model can determine the “catalyst” variable, that is, the moderating variable, by examining the reasons for the change in the strength of the causal relationship between the two variables. The goal of green financial policies is to achieve green development. In green development, regional environmental regulations affect the promotion effect of policies on green innovation. Under the pressure of energy conservation and emission reduction, enterprises in the region will upgrade their technologies to meet environmental protection needs and strengthen green technology innovation.
This paper analyzes data from 261 prefecture-level cities in 31 provinces in China from 2010-to 2019 using the difference-in-difference (DID) method. The results show that pilot zones can promote green technology innovation at the regional level to a certain extent, confirmed by robustness tests. Further study found that the induced effect of policies on regional green technology innovation was reflected in the application and acquisition of green invention patents and green utility patents, and there was heterogeneity in different types of patents. This finding provides theoretical support and empirical evidence for evaluating the policy effects of pilot zones for green finance reform and innovation and provides a reference for the formulation of differentiated green finance policies.
The marginal contributions of this paper are: first, it tests the macro policy effects of establishing pilot zones from the perspective of regional green technology innovation, which enriches the empirical studies related to pilot zones for green financial reform and innovation. Second, using the exogenous event of establishing the pilot zones to construct a quasi-natural experiment helps alleviate the interference of endogeneity issues on the estimation results and provides reliable empirical evidence on the relationship between green financial policies and regional green technology innovation. Third, considering the heterogeneity that regional green technology innovations differ significantly in terms of patent types, this paper further examines the positive externalities of green finance policies on green technology innovation, which provides a reference for the formulation and implementation of differentiated green finance policies.
The rest of the paper follows: Section 2 reviews the literature, Section 3 introduces the data and models, Section 4 is the empirical analysis and robustness tests, and Section 5 concludes and proposes policy recommendations.
2 LITERATURE REVIEW
2.1 Concept of Green Finance
In the era of globalization, financial and natural resources are important indicators that contribute significantly to mitigating environmental degradation and promoting economic growth (Usman et al., 2022a; Usman et al., 2022b; Zhang C et al., 2022). Green finance integrates financial and natural resources into consideration and directs financial resources to energy-saving and emission-reducing production activities through environmental regulation to achieve sustainable development while ensuring economic growth (Criscuolo & Menon, 2015). On the one hand, green finance can promote environmental protection and governance (Al Mamun et al., 2022), allocating resources from highly polluting and energy-consuming industries to industries with advanced production concepts and environmental technologies (Falcone, 2020). On the other hand, environmental protection regulations can also promote green finance (Cojoianu et al., 2020), as confirmed by several studies, and the regulations are spatially heterogeneous and firm-heterogeneous in promoting green finance in different regions of China (Xu et al., 2022).
In recent years, research on green finance and green finance policies has attracted the attention of an increasing number of scholars (Pu et al., 2018; Zhang C et al., 2019; Zhang D et al., 2019; Azhgaliyeva & Liddle, 2020; Akomea-Frimpong et al., 2021; Sun et al., 2021; Jahanger et al., 2022; Jiang et al., 2022; Pu & Yang, 2022). Several scholars have developed a framework for green finance and defined it (Wang & Zhi, 2016; Taghizadeh-Hesary & Yoshino, 2019; Hafner et al., 2020; Zhang et al., 2020). Lindenberg explains the concept of green finance as policies from financial institutions to sustain a green economy (Blinder, 2012; Lindenberg, 2014). The ‘financial’ aspect of the concept demonstrates the allocation and investment of capital through the financial system (Berensmann et al., 2017; Weber & ElAlfy, 2019). The ‘green’ attribute requires that the allocation of financial resources should extend to environmental protection, clean energy, green buildings, climate change, and corporate governance in all economic sectors (Yuan & Gallagher, 2018; Urban & Wójcik, 2019).
According to the official definition from the Chinese government3, green finance includes the following aspects. First, green finance aims to provide financial support for projects related to environmental protection to address the problems caused by climate change and improve energy efficiency. Secondly, green finance is divided into green bonds (Sinha et al., 2021), green credits, and green stock indices. Furthermore, green securities, green investments, climate finance, carbon finance, green insurance, green credit, and green infrastructural bonds are banks’ major green finance products. Finally, it clearly states that green finance involves green project financing and risk management, and carbon finance issues. A clear definition of green finance helps label green financial products and attract green companies and investors to make more green investments. Since then, green finance policies have been introduced in various regions of China (Lee, 2020; Muganyi et al., 2021), and many scholars have conducted studies on the impact of green finance policies (Xu & Li, 2020; D.; Zhang D et al., 2021).
2.2 Green Finance and Economic Development
In terms of the relationship between green finance and regional economic development, the development of green finance in China has shown a general upward trend, with high-value regions located mainly in the east, followed by the central and western regions, and the coupled coordination between green finance and environmental performance has increased from uncoordinated to primary coordination over time (H. Zhang H et al., 2022). It was found that green finance can improve total factor productivity in Chinese regions, and this effect is more pronounced in provinces with high economic and social conditions and higher pollution levels (Lee & Lee, 2022). Meanwhile, the green finance development index shows a general upward trend. However, the overall development level in China is not high, which restricts the coordinated development of green finance and the economy in different aspects and leads to the insignificant support of green finance for economic growth (Yin & Xu, 2022). The gap in green finance development between different regions is narrowing, and the development level is distributed according to a ladder of East China, Central China, West China, and Northeast China (Lv et al., 2021).
In terms of promoting industrial development, green finance has the highest correlation with the output value of tertiary industries, followed by primary and secondary industries. The highest impact on industrial structure upgrading is in the east, followed by central and western China (Wang & Wang, 2021). In addition, green finance can impact high-quality economic development through three aspects: ecological environment, economic efficiency, and economic structure, and the development of financial technology can help strengthen this impact (Yang et al., 2021). In terms of energy market impact, the impact of green finance on energy consumption shows spatial heterogeneity, with the level of green finance development in the eastern region having a more pronounced positive impact on energy consumption structure (Sun & Chen, 2022). Green finance has also played a significant and positive role in improving environmental ecology and investment in renewable resources (Li et al., 2022), especially after the Covid-19 outbreak in 2020 (Arif et al., 2022). It has been shown that green finance has a U-shaped effect on China’s regional economic and ecological development, which is more pronounced in the central region (Sun & Chen, 2022). This fact has also been verified in other studies such as the study that found a negative correlation between green finance and eco-efficiency, showing a non-linear U-shaped trend, also more pronounced in the central and western regions (Wang et al., 2022).
2.3 Policy Research of Green Finance
In the policy research on green finance, some researchers used data-driven scientometric methods from the literature and found four policies that are considered to have great future potential, including carbon taxes, government subsidies, green bonds, and some other policies. Green bonds have received the most attention (Wang et al., 2021). Green finance policies effectively mitigate the effects of financing constraints, and green innovation suffers when firms face higher financing constraints, but green finance policies do not seem to benefit private firms (Yu et al., 2021). Firms in economically developed regions are more strongly affected by green credit than firms in less economically developed regions, and both green credit policies and green credit development increase the cost of debt financing for energy-intensive and polluting firms but reduce the cost of debt financing for green firms (Xu & Li, 2020). The debt financing of heavily polluting Chinese firms declined significantly after introducing green credit policies, suggesting that the green credit policy system plays a guiding role in credit resource allocation (Liu et al., 2019). In addition, industrial gas emissions decreased significantly during the green finance policy review period (Muganyi et al., 2021; Meo & Abd Karim, 2022), while there are also studies showing that green credit policies help reduce sulfur dioxide and wastewater emissions (S. Zhang S et al., 2021).
Regarding the impact of pilot zones for green finance reform and innovation, due to the short period after the establishment, most studies on pilot zones for green finance reform and innovation have focused on theoretical aspects, emphasizing the inspiration of relevant policy experiences on regional economic development (Jingzhi et al., 2017; Wencong & Weijun, 2020; Yunfan et al., 2021), or discuss the impact of pilot zones on firms’ green innovation (Lu & Xianchun, 2020; Ying & Yao, 2021). A synthesis of existing research on green finance and green financial policies reveals that the existing literature is rich in research on the policy effects of green finance. However, it mainly focuses on the implementation effects of green credit policies in green finance, and the research on pilot zones for green finance reform and innovation is still very limited. Second, based on the availability of data, most of the existing studies focus on the effects of green finance on regional economic development, environmental governance, and corporate investment and financing behaviors, and there is a lack of literature that examines the implementation effects of pilot zones from the perspective of innovation. Third, the research on green financial policies on green technology innovation is focused on the enterprise level, and there is a lack of spatial perspective to test the effect of policy implementation. Because of this, this paper takes Chinese cities as the research object and adopts a DID model to conduct a multidimensional empirical test on the policy effects of pilot zones for green finance reform and innovation.
3 DATA AND METHODS
3.1 Data
In this paper, we select the data of Chinese cities and green patents from 2010 to 2019. In the end, 2,890 observations were finally obtained from 297 cities, and the samples were standardized. The city economic data were obtained from China City Statistical Yearbook from 2011 to 2020, and the regional green patent data were obtained from the Chinese Research Data Services (CNRDS) Platform.
3.2 Model
This paper aims to test whether pilot zones for green finance reform and innovation can promote regional green technology innovation. In the existing literature, DID is a more effective method used to test policy effect. In this paper, the five provinces of Zhejiang, Jiangxi, Guangdong, Guizhou, and Xinjiang are used as the treatment group, and the remaining provinces are used as the control group. To verify whether the pilot zones for green finance reform and innovation help promote regional green technological innovation, we construct a model 1) with the following model settings.
[image: image]
[image: image] denotes the number of green patents of city [image: image] in the year [image: image]. [image: image] denotes the dummy variable for pilot zones for green finance reform and innovation and takes one if the city is located in a pilot zone, otherwise takes 0. [image: image] is the dummy variable before and after the policy, this paper assigns the year 2017 to 1, the years after 2017 to 1, and the years before 2017 to 0. [image: image] is a matrix of control variables, including nine indicators of the city, as detailed in Table 2.
TABLE 2 | Descriptive statistics of explained variables.
[image: Table 2]In the benchmark analysis, the coefficient [image: image] of the DID term Treat [image: image] Time [image: image] is the focus of this paper. The coefficient reflects the impact of the pilot zones on regional green technology innovation before and after the announcement between pilot and non-pilot zones. If [image: image] is significantly positive, it indicates that pilot zone helps promote green technology innovation. In addition, the model controls for province fixed effects and year fixed effects over time, denoted as [image: image] and [image: image], respectively, and [image: image] is a random disturbance term.
3.3 Variables Selection

1) Explained variables.
The research perspective of this paper is to examine the effectiveness of pilot zones on regional green technology innovation activities. Therefore, the number of regional green patents is adopted as the explained variable. Patents are an effective indicator of technological innovation, and green patents can most intuitively reflect the output of regional green technological innovation activities. The patent data can be further classified according to different technological properties to reflect innovation activities’ different value connotations and contributions. In the specific study, this paper explores the influence of pilot zones on different kinds of green innovation behaviors in the region from two aspects of patent application and patent acquisition, respectively. There are four indicators for each aspect, and eight indicators in total, as detailed in Table 3. The indicators for each aspect have been subdivided into two subdivisions, i.e., the number of patents and the percentage of the number of patents, representing the absolute achievement and relative advantage of the regional green innovation level, respectively. Table 3shows the descriptive statistical information of the explained variables after standardization. From the descriptive statistics of the explained variables, the level of green innovation in technology varies unevenly and widely among regions according to the mean, maximum, and standard deviation.
2) Control variables.
TABLE 3 | | Definition and description of explained variables.
[image: Table 3]This paper selects a series of city-level influencing factors as control variables. First, the larger the total population in a city jurisdiction, the more people are likely to engage in green technology innovation, and the more patents are obtained. Second, if students’ level of education in the area is higher, the greater the probability that students will engage in innovative activities and achieve results in school and their graduate work. Finally, as the size of firms in a city increases, firms’ profitability increases due to scale expansion. At this time, the enterprises are more likely to provide their employees with platform support and financial assistance to conduct green innovation activities. Therefore, the above considerations led to selecting nine control variables, as shown in Table 4.
TABLE 4 | Definition and description of explanatory and control variables.
[image: Table 4]4 EMPIRICAL RESULTS
4.1 Baseline Regression Results
According to the benchmark regression model, this section examines the quantitative impact of pilot zones on urban green technology innovation, and the estimated results are shown in Table 5.
TABLE 5 | Baseline regression results.
[image: Table 5]The regression results in Table 5 indicate that pilot zones have promoted green technology innovation. According to Table 5, the regression coefficients of Treat*Time in columns (3), (5), (7), 8) are 0.303, 0.370, 0.335, and -0.146, respectively, and all of them are significant at different confidence levels. This result indicates that pilot zones have promoted the number of green utility patents obtained, the number of green invention patents applied, and the number of green utility patents applied. However, pilot zones are negative for the percentage of the number of green utility patents to the total number of patents applied. Among the control variables, population size exhibits a significant adverse effect in several models, indicating that regional innovation does not necessarily increase with regional population size. The increase in employees and people engaged in scientific and technical activities leads to regional green innovation, which is also reflected in research expenditures and education levels.
The reasons for the above empirical results may be as follows: on the one hand, since the pilot zone was established in 2017, the data covers from 2010 to 2019, and the sample period is short, which may cause policy effects of the pilot zone cannot be fully demonstrated; on the other hand, according to the Patent Law of the People’s Republic of China, an invention patent refers to a new technical solution for a product, method or its improvement; a utility patent refers to a new technical solution for the shape, structure or combination thereof of a product that is suitable for practical use. From the above explanation, the level of inventiveness of a green utility patent is lower than that of a green invention patent. Therefore, the incentive effect of the policy is firstly reflected in the application and acquisition of green utility patents and then, over time, in the number of green inventions patents. In addition, since the technical field of invention patents is broader, their examination period is generally more than one and a half years. In contrast, the examination period of a utility patent is generally half a year, and the difference in time may also be one of the reasons for the insignificant effect on the number of green inventions patents obtained.
4.2 Robustness Tests
4.2.1 Changing the Explanatory Variable Measure
To check the robustness of the previous results, we treat the time variable differently here. Since the pilot zones were set up in June 2017, i.e., the middle of the year, assigning 1 to 2017 may amplify the policy effect of the pilot zone. Because of this, the time variable is reassigned to 0.5. The rest of the years are assigned the same value as the baseline regression equation, i.e., 0 before 2017 and 1 after 2017. the regression results after the assignment are shown in Table 6. The coefficients of the cross-multiplier term Treat*Time are still significant at different confidence levels, and the positivity and negativity of the impact on different indicators do not change, which is consistent with the results of the baseline regression in Table 5.
TABLE 6 | Regression results after changing the explanatory variable measure.
[image: Table 6]4.2.2 Parallel Trend Test
The DID model requires that the treatment and control groups satisfy the assumption of parallel trends. Figure 1 shows the parallel trend test for the two indicators, the number of green utility patents obtained and the number of green invention patent applications. Before 2017, the confidence intervals of the indicators crossed the 0-value line, indicating that they were not significant; after 2017, there were years in which the confidence intervals of the indicators did not cross the 0-value line, i.e., significant status, indicating that the parallel trend test passed.
[image: Figure 1]FIGURE 1 | Graphical representation of the results of the parallel trend test.
4.2.3 Placebo Test
To further exclude the influence of other unknown factors on the pilot zones and ensure that the results obtained in this paper are caused by establishing the pilot zones for green finance reform and innovation, we conducted a placebo test. In this paper, 1000 sampling was performed in all 31 provinces, and five provinces were randomly selected as the dummy treatment group in each sampling, while the remaining 26 provinces were used as the control group, and regressions were conducted according to the model 1). Figure 2 shows the regression results for the explanatory variable Ugrmart. The regression results are normally distributed, the distribution deviates from the baseline regression, and the p-value is large and insignificant, as shown by the scatter plot, indicating that pilot zones has no significant effect in these 1000 times of random sampling. Therefore, the conclusions obtained in this paper can pass the placebo test, and the impact of the establishment of the pilot zone on green technology innovation has little relationship with other unknown factors.
[image: Figure 2]FIGURE 2 | Placebo test result.
4.2.4 PSM-DID Test
The treatment and control groups contain cities from different provinces, and since it is not possible to ensure that the treatment and control groups have the same regional characteristics before the policy is implemented, propensity score matching (PSM) is used to match the cities in the treatment and control groups. Figure 3 shows the matching results for 2017. The results show that after matching, the indicators fall within the interval of (−20%,20%) on the horizontal axis, indicating that the matching results are good enough for the subsequent DID regression.
[image: Figure 3]FIGURE 3 | Matching Chart for 2017.
Table 7 shows the results after PSM-DID. The regression coefficients of the cross-multiplier term Treat*Time for six explanatory variables are significantly positive at the 5% confidence level, and the regression coefficients of the cross-multiplier term of all eight items are positive. After excluding the regional differences between the treatment and control groups, the pilot regions promoted the application and acquisition of regional green patents. The effects on the six indicators were statistically significant, further verifying the robustness of the conclusions in the benchmark regression.
TABLE 7 | Regression results after PSM-DID.
[image: Table 7]4.2.5 Moderating Effect Test
We use the comprehensive utilization rate of industrial solid waste ([image: image]) as a moderating variable to refer to the moderating effect of environmental regulations. The moderating effect test model is show in Eq. 2 and the results are shown in Table 8. In columns (3) (5) (7) of Table 8, the coefficients of cross-multiplier term between explanatory variable and moderating variable are significant, indicating that environmental regulation has played a positive moderating role in the process of green financial policies affecting green innovation. The strengthening of regulation will help improve the impact of green financial policies on the level of green innovation in the region.
[image: image]
TABLE 8 | Moderating effect test results.
[image: Table 8]5 CONCLUSIONS AND POLICY RECOMMENDATIONS
Green technology innovation is a vital force for achieving sustainable economic and environmental development in China. This paper examines whether the pilot zones can promote regional green technology innovation using a quasi-natural experiment, with the data of Chinese cities from 2010 to 2019 and the number of green patents applied and obtained.
The results show that the pilot zone can induce the green technology innovation activities of the region to a certain extent. After a series of robustness tests, this conclusion is still robust, providing reliable empirical evidence for the relationship between green financial policies and regional green technology innovation. Among them, a heterogeneous effect is shown in green patent categories. The promotion effect on green utility patents is stronger than that on green invention patents, which provides a reference for the formulation and implementation of differentiated green financial policies.
The administrative announcement of the Green Finance Reform and Innovation Pilot Zone was released in June 2017, but the data sample is only available until 2019 due to availability and completeness, which is a shortcoming of the article. Therefore, in the future study, we hope to obtain regional green patent data more than 5 years after the policy announcement to measure the impact of the pilot zones more accurately on regional green innovation. In addition, through a more detailed classification of green patents, more realistic policy recommendations can be made by analyzing the heterogeneous impact of policy regional green innovation.
Therefore, this paper puts forward the following policy recommendations based on the above research findings.
First, the pilot zones should explore replicable experiences and promote them on a larger scale. The pilot zones for green financial reform and innovation are an important practical exploration of China’s use of financial regulation and other market-based instruments for environmental governance. The policy allows pilot regions to build distinctive pilot zones based on the institutional environment and economic situation, which can help induce regional green technology innovation and promote high-quality economic development. Therefore, policymakers can contribute to the realization of high-quality economic development by refining pilot experiences and forming typical cases to promote the construction of pilot zones on a larger scale. For example, the government can select the junction of major economic zones such as the Yangtze River Delta, the Guangdong-Hong Kong-Macao Greater Bay Area, the Beijing-Tianjin-Hebei region, and the Chengdu-Chongqing region, and support them to carry out cross-regional pilots of green financial reform and innovation to promote more innovation.
Secondly, the government needs to develop clear guidance programs for different types of green innovation to stimulate independent innovation in pilot areas. Since in the process of patent inventiveness examination, invention patents need to have “outstanding substantive features and significant progress,” while utility patents only need to have “substantive features and progress,” and utility patents cannot be directly used in patent infringement lawsuits. Therefore, the economic benefits that green invention patents can bring to enterprises and regions are significantly higher than those of utility patents, and the incentive mechanism for green invention patents should be strengthened. A more precise technical transformation plan should be formulated with regional characteristics to help regional industries transform and upgrade. In addition, local governments can also introduce fast-track examination channels for green invention patents, compressing the approval time from patent application to acquisition.
Third, a government-led development model managed by the market is needed to stimulate more social capital to invest in green innovation. On the one hand, the lack of profitability of green finance alone has dramatically reduced the motivation of institutional participation, and the development of green finance in China is still in its infancy. It cannot be separated from government support. On the other hand, to achieve China’s goal of reaching carbon peaking and carbon neutrality, it is expected that trillions of yuan of green investment will be needed every year, which cannot rely on government investment alone, but will also require private capital inflows, as suggested by a study on another country (Taghizadeh-Hesary & Yoshino, 2019). Therefore, the government should innovate the green financial system, guide, and stimulate more social capital to flow to the green industry, provide financial support for its technological innovation, and form a government-led and market-managed model. The government should improve the incentive mechanism, adopt some more effective incentives to increase market participation, and implement preferential policies such as financial subsidies, tax breaks, and financial incentives as soon as possible.
Due to the paper being limited by data availability, it can be enhanced in two aspects in the future. On the one hand, the pilot zone has a differentiated impact on different types of patents. The subsequent study can conduct more detailed research for more subdivided green patent categories according to WIPO’s “Green List of International Patent Classification”. On the other hand, several domestic provinces introduced relevant environmental policies during the sample period, and it is difficult to completely exclude the interference of relevant policies in the robustness test. In addition, the pilot zone for green finance reform and innovation is still in the process of exploration and promotion, which can be evaluated more precisely and expanded in more dimensions in the future.
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With China’s rapid urbanization and rising living standards, the household sector has become the second largest contributor to urban carbon emissions and important pathway to achieve China’s carbon reduction targets. Based on data of Chinese Residential Energy Consumption Survey in 2014, this paper establishes standard households in 54 cities to identify the carbon emission characteristics and explores the emission reduction paths of urban households. We present evidence that rich households tend to increase their use of clean energy, low-income households will not completely abandon inferior energy because of their usage habits and costs and they always live in suburban areas and urban villages. Cities with high household carbon emissions are almost located in north of Huai River/Qinling Mountains line, while cities with low carbon emissions are mostly located around the line and which are mainly on the south side. Monocentric urban development patterns and frigid climates are easy to increase higher household carbon emissions. In this regard, policy makers should help low-income households to escape from inferior energy dependence, encourage the use of new energy vehicles and green housing technologies, introduce a two-part pricing system for central heating services and maintain relative balance of residential and public resources in urban planning.
Keywords: household carbon emissions, standardized household, migration costs, city ranking, reduction pathways
1 INTRODUCTION
As urbanization advances and population climbs, cities have become centers of economic, cultural and political power. However, the uncontrolled expansion of urbanization has also led to high energy consumption and exponential growth of greenhouse gas emissions, which poses huge environmental and climate risks to society (Ding and Li, 2017; Sun H. et al., 2020). In recent years, the household sector has become a new focus for carbon emissions with the improvement of industrialization and energy efficiency in China (Cui et al., 2016). In developed countries such as Europe and the United States, carbon emissions generated by the household sector account for 70%–80% of total domestic carbon emissions (Bin and Dowlatabadi, 2005; Baiocchi et al., 2010), but households only contribute 40% of total carbon emissions in China, making them the second largest source of emissions after the industrial sector (Liu et al., 2011; Dong and Zhao, 2017). As the structure of residential energy consumption is gradually being transformed, driven by the process of urbanization, the energy consumption and carbon emissions generated by households will further increase (Du, 2016). At the same time, the household sector has 25% of all energy saving opportunities (The McKinsey Global Institute, 2007), so households are not only the main contributors to urban carbon emissions, but also an important path to achieve energy conservation and emission reduction in China. In the context of carbon peak and carbon neutrality goals, it is of great significance practical to develop low-carbon economy and construct green cities, through reducing household carbon emissions with clarifying urban households’ energy consumption habits and changing their energy consumption behavior and motivation.
In general, ecological degradation affects urbanization through the exclusion of the resident population (Lu et al., 2018; Wang et al., 2021). In order to exclude systematic differences in population distribution between cities, Glaeser and Kahn (2010) use the “standardized household” concept to explore the “pure” effect of urban characteristics on the carbon emissions of residents. This is a household with a fixed household size, income level and age of household members. On this basis, Zheng S. et al. (2011) rank the carbon footprints of households in 74 major Chinese cities based on China Urban Household Survey in 2006. They assess the impact of regional development plans on CO2 emissions in China, suggesting that regional economic development policies that promote urban development in the Northeast may bring about an increase in household carbon emissions. Using data from the China Household Income Survey in 2002, Li et al. (2013) estimate residential carbon emissions and inter-city migration costs in 56 major cities in China and analyze the reasons for differences in inter-city carbon emission. They find that low-density urban development patterns and lower winter temperatures both can increase residential carbon emissions. However, the above studies cannot fully reflect the specific status of household carbon emission in detail due to the limitation of early micro-survey data in China.
This paper uses data from the Chinese Residential Energy Consumption Survey (CRECS) of 2014 to empirically analyze the characteristics and emission reduction paths of Chinese urban household carbon emissions, reflecting a more realistic picture of urban household carbon emissions in China and providing a theoretical reference for urban carbon emission reduction. We also make the following contributions: 1) we use micro-data to comprehensively measure the complete carbon emissions of Chinese households for the first time, including transportation, honeycomb briquet, straw and firewood, which have been always neglected in previous studies. 2) Compared with previous studies, our results better reflect the characteristics of China’s urban household carbon emissions in the new era, including cost calculations of household migration from low-carbon cities to high-carbon cities. 3) In contrast to using the urban density, we use the polycentric spatial structure to better capture the impact of urban characteristics on household carbon emissions.
The remainder of this paper is organized as follows: we review relevant literatures in Section 2; Section 3 presents the econometric model and associated data; Section 4 gives a detailed analysis of the empirical results. Section 5 introduces the ranking of urban household carbon emissions and the explanation of the difference, and these are discussed in Section 6; Section 7 presents conclusions and policy recommendations.
2 LITERATURE REVIEW
With increasingly serious environmental problems, the energy consumption from the household sector and its carbon emissions have attracted widespread attention from the academic community (Han and Wei, 2021). Several scholars have explored and discussed the influencing factors and regional differences in household carbon emissions, based on research methods such as carbon emission coefficient, input-output, and life-cycle evaluation methods. In the analysis of impact factors influencing household carbon emissions, household characteristics and urban form are a hot topic of research. In terms of household characteristics, Wu and Zheng (2022) find that an increase in household income would contribute to the energy transition of households, but rural residents would not completely abandon “inferior” energy sources due to energy prices and supply. Tong and Zhou (2020) believe that the characteristics of family aging help reduce household carbon emissions, and family structures in which elderly and young members live together are more “energy-saving and environmentally friendly.” Yu et al. (2018) show that the smaller household size and family aging increases household energy consumption and carbon emissions. Hu et al. (2018) argue that household size has a significant inhibitory effect on average household carbon emissions. It is undesirable to control carbon emissions by reducing household size, and it is necessary to further strengthen of low-carbon environmental knowledge dissemination as well as to implement energy-efficient appliances. The economic level and urban scale of cities also have a significant impact on household carbon emissions. Shen and Shi (2018) find a “U” shaped relationship between urban population and per capita domestic energy consumption in the early stage of urbanization. The per capita domestic energy consumption tends to decline due to the scale effect generated by urban population gathering. With the spread of urban expansion and the change of residents’ lifestyles, the impact on domestic energy consumption turns positive in the middle and late stages of urbanization. Hu et al. (2018) argue that city size is an important contributing factor to urban household carbon emissions, while the level of urban economy significantly drives the upgrading of household energy structure.
Urban spatial form is also a key influencing factor of household carbon emissions. Liu et al. (2016) show that urban sprawl has a significant positive effect on household carbon emissions in southern Chinese cities and call for a compact and rational urban spatial structure in the urbanization process. Sun B. et al. (2020) find that compared with the “monocentric” spatial structure, the “polycentric” urban spatial structure is more conducive to shortening commuting time, thereby reducing commuting carbon emissions. However, households have larger housing space in “polycentric” cities, thus also increasing household energy consumption and carbon emissions. Li et al. (2020) emphasize the impact of physical environmental factors around households on household energy consumption. They find that household energy consumption and carbon emissions are mutually substituted between the two spatial domains of residence and transportation. This substitution phenomenon between different energy sources in different spatial domains is attributed to the different characteristics of influencing factors. Li et al. (2017) find that the farther the distance between housing and public services, the higher the tendency of residents to choose high-carbon travel modes. Martins et al. (2019) show that an increase in building height dispersion in a building complex can significantly reduce the heating energy demand of a building, reducing energy consumption by nearly 40 KWh per cubic meter per year.
Climatic conditions can also have a significant impact on residential carbon emissions. China established centralized urban heating system at the beginning of the country based on the Soviet model. Due to the relatively backward economic level and limited coal production capacity at that time, the Huai River/Qinling Mountains line was created to artificially divide the northern compulsory centralized heating area due to the cost of energy saving and the colder north. Central heating is provided in the north but not in the south (Almond et al., 2009). Zheng et al. (2017) argue that there are significant north-south differences in the energy consumption characteristics of Chinese households. Per capita energy consumptions and carbon emissions are significantly higher in the north than in the south due to differences in winter heating practices. Zheng S Q. et al. (2011) show that the per capita residential carbon emissions in cities on both sides of the Huai River/Qinling Mountains line have significantly discontinuity due to China’s heating policy. The per capita residential carbon emissions of northern cities are 1.7 times higher than southern cities. Comparing the differences in residential energy consumption and energy use behavior under different heating modes, Jing et al. (2020) find that centralized heating produces higher energy consumption and emissions compared to self-heating but is also relatively more energy efficient. If centralized heating is adjusted by charging heating consumption, the heating expenditure of residents can be reduced by more than 35%.
In summary, research on household carbon emissions has developed rapidly in recent years, and the number of quantitative studies related to the evaluation of urban household carbon emission patterns and policies has increased. While city-level studies tend to analyze the overall carbon emission characteristics of urban households, household-level studies focus more on the energy consumption in communities and households itself. The former mainly provides a quantitative basis for the government to formulate energy conservation and environmental protection policies for macro regulation, while the latter identifies factors driving the differences in lifestyles from the perspective of consumers themselves and then proposes specific operation suggestions. Domestic research in China has gradually evolved from the earlier analysis of macro statistical data to the use of comprehensive social survey data. Because of the lack of detailed data on household energy consumption at the national level, most studies focused on the a few conventional energy sources or certain type of factors affecting energy consumption. Therefore, we used data from the 2014 Chinese Residential Energy Consumption Survey to capture the use of non-conventional energy sources, such as coal, firewood and straw, while also estimating the energy consumption of sample households due to central heating and private car travel based on Zheng et al. (2017), with the aim that the results would be more consistent with the actual situation of energy consumption and carbon emissions in urban households. Specifically, this paper firstly establishes behavioral equations for different energy types in each cities as a way to study the relationship between household energy consumption and specific household characteristics. Secondly, it estimates and ranks total household carbon emissions in each city. Finally, it analyzes the differences in standardized household carbon emissions between cities and discusses the impact of polycentric urban spatial structure on residents’ transportation trips.
3 DATA AND ESTIMATION STRATEGY
3.1 Data Sources and Variables Selection
This study uses data from the Chinese Residential Energy Consumption Survey (CRECS) of 2014, which was initiated by the School of Applied Economics, Renmin University of China, with the aim of monitoring the overall pattern of household energy consumption in China under a dynamic socio-economic background. Similar to the US Household Energy Consumption Survey (RECS) conducted by the US Energy Information Administration (EIA), the CRECS is divided into six modules: household demographic characteristics, residential characteristics, kitchen and household appliances, residential heating and cooling, private and public transportation and household energy consumption. In addition, the CRECS also collects detailed information on appliances (power, year of purchase, energy efficiency label) and consumption behavior of these residential devices (frequency and duration of device use, maintenance, etc.), allowing us to estimation of the energy consumption of devices. Compared with other comprehensive Chinese micro household surveys, the CRECS not only records the use of conventional energy such as electricity, natural gas and coal gas, but it also records the consumption of coal, gasoline, firewood and straw, thus reflecting the energy consumption of Chinese households in a more comprehensive, systematic and accurate way (Zheng et al., 2014). The CRECS 2014 covered a total of 3,863 urban and rural households in 28 provinces and 85 cities. Only urban residents were selected in this study sample. In order to ensure that each city has enough sample observations, 1,610 households in 54 cities (including municipalities directly under the central government, provincial capitals, prefecture-level cities and some county-level cities) were finally selected.
City-level data are mainly from the China City Statistical Yearbook. Climate data are drawn from the China Meteorological Network, and the nighttime light brightness data are drawn from the global DMSP/OLS nighttime light remote sensing data provided by the website of the National Oceanic and Atmospheric Administration (NOAA) of the United States. Carbon emission coefficients of household electricity consumption in different regions were obtained from the 2014 China Regional Grid Baseline Emission Coefficients Bulletin announced by the National Development and Reform Commission (NDRC). It is only necessary to match the city where the household is located with the coverage area of each power grid to obtain the carbon emission coefficient generated per unit of electricity, and then estimate their electricity carbon emissions from domestic electricity consumption with their electricity consumption. And the carbon coefficients for the household fuels such as coal, liquefied petroleum gas (LPG), natural gas and firewood are obtained from the Provincial Greenhouse Gas Inventory Weaving Guide. Tables 1, 2 present definitions and the statistics descriptions of the key variables, A “standardized household” is a household with an annual income of 96,146 yuan, three household members and a household head with an average age of 50.8. The values of these three indicators are obtained by averaging the entire samples. Detailed use of various types of energy by sample households in various cities is shown in (Supplementary Table S1).
TABLE 1 | Definitions and descriptive statistics of household-level variables.
[image: Table 1]TABLE 2 | Definitions and descriptive statistics of city-level variables.
[image: Table 2]3.2 Framework for Estimating Household Carbon Emissions
In order to exclude systematic differences in population distribution among cities and thus examine more precisely the impact of urban factors on household carbon emissions, we construct standardized households in 54 cities by referring to Glaeser and Kahn (2010), which can answer the question of whether total carbon emissions will rise or fall if a household moves from a low-carbon emission city to a high-carbon emissions city. In this paper, we focus on four main sources of household carbon emissions: residential electricity, residential heating, domestic fuels and travel. Based on this, we construct a framework to estimate the CO2 emissions of a standardized Chinese urban household, as shown in Eq. 1.
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[image: image] denotes the total household carbon emissions, [image: image], [image: image], [image: image] and [image: image] denote the carbon emissions from residential electricity, central heating, household fuels and transportation, respectively. Household fuels include cellular coal, coal briquettes, liquefied petroleum gas (LPG), natural gas, gas, straw and firewood. Transportation carbon emissions are mainly from the use of private cars. We multiply the energy consumptions by the corresponding carbon emission coefficient [image: image] to each type of carbon emission, and then we obtain the household total carbon emission by summing each type carbon emission.
4 HOUSEHOLD ENERGY CONSUMPTION MODEL SELECTION AND EMPIRICAL RESULTS
According to Eq. 1, we analyze household energy consumption in each city by regressing the energy consumption of each 54 sample cities, which can estimate the carbon emissions of energy consumption of one standardized household in the sample cities. We first estimate the standardized household electricity consumption, and the model of household electricity consumption is shown to the following form:
[image: image]
where i and j denote a household i living in city j. ELE is the standardized household electricity consumption, Inc indicates the total household income, Age means the age of the household head, Hsize is the household size, [image: image] ∼ [image: image] are the regression coefficients, and [image: image] is the random disturbance term. As household demographics have different marginal effect on household electricity consumption across cities, we control for household structure in Eq. 2.
Considering the area of each household, residential construction year, use of insulation materials and other factors, we estimate the central heating energy consumption with methods proposed by Zheng et al. (2017). As for household electricity consumption, we regress the central heating energy consumption for a standardized household based on household income and demographic data.
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Many households in the sample cities have zero consumption of a particular energy type due to differences in household energy use habits. For example, the ownership rate of private cars in Shanghai is 9.7%, which means that 90.3% of all households have zero transportation energy consumption. The same problem exists for other types of energy consumption, such as coal and LPG, etc. In order to correct for the bias in the regression estimation due to sample selection, we use the Heckman two-step estimation for the other types of energy consumption (Heckman, 1979).
In the first step, we calculate the probabilities of using various energy types with a probit model:
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In the second step, we estimate:
[image: image]
Because of the smaller sample sizes of the different types of energy consumption, the effects of age of household head and household size on energy consumption cannot be accurately estimated, and we exclude these variables from the second step of the Heckman method. We use pooled regressions for the households in 54 cities and add city fixed effects for the electricity and heating equations in Table 3 to control for differences in marginal effects on energy consumption across cities.
TABLE 3 | Regression results of household energy consumption.
[image: Table 3]Table 3 shows that, the income elasticity of electricity consumption is 0.119, which indicates that household energy demand also rises with improving living standard. However, the popularity of energy-efficient appliances and environmental protection policies promote the efficient use of energy, so the electricity consumption does not show a larger increase with the rise of the residents’ income. In addition, household size also has a significant positive effect on electricity consumption. The effect of the age of the household head on household electricity consumption is negative and insignificant. We believe that the difficulties in the use of new technologies may constrain the use of new energy-using products by the elderly. In addition, older people are more conscious of saving and more sensitive to energy prices than younger people (Hu et al., 2020; Wu and Zheng, 2022). The coefficient of family size for central heating energy consumption is 0.048, which is due to the fact that larger households tend to choose larger houses, resulting in more heating energy consumption. The income elasticity of private car use is 0.669, indicating that an increase in resident’ income significantly enhances the willingness to purchase and use private cars. Unlike the results of previous studies, the income elasticity of private car energy consumption is −0.041, but it is not statistically significant. It indicates that there is still a more complex relationship between residents’ income and carbon emissions from transportation energy consumption, which will be one of the focuses of future research.
LPG is generally used more intensively in urban villages and peri-urban areas, where a large number of rural migrant workers live. As their income increases, the workers may still use LPG in order to save money and the consumption has been reduced. Both the willingness to use natural gas and its consumption are positively correlated with family income, this is due to the fact that it is cleaner than LPG and piped directly to homes, which making it more convenient to use. Similar to the use of LPG, households in urban villages and peri-urban areas tend to use more inferior energy sources such as honeycomb, briquettes, firewood and straw, which can produce a lot of pollution and carbon emissions. As their incomes rise, they are significantly less willing to use such type of energy, and more willing to use clean energy. This suggests that income growth will contribute the energy transition of households, but the replacement of inferior energy by clear energy will not happen overnight. The rise in the energy ladder will not see a complete substitution of clear energy for inferior energy, and residents will not completely abandon the use of inferior energy due to energy use habits and costs. As in Wu and Zheng (2022), we find that the energy ladder process is also coeval with the energy stack process in urban areas.
5 THE DIFFERENCE ANALYSIS OF URBAN HOUSEHOLD CARBON EMISSIONS
5.1 Estimation of Urban Household Carbon Emissions
In order to further assess whether the migration of a household from the city of residence to the target city leads to an increase in carbon emissions from household energy consumption, we use Eqs 2, 3 to approximate the regression analysis for a standardized household and we also use the microdata to estimate the regression model for household’ electricity and central heating consumption across all 54 cities, each with the same equation.
For example, the electricity regression estimation based on the data from the sample of 191 urban households in Shanghai is as follows:
[image: image]
Next, using Eq. 6, we estimate the annual electricity consumption of a standardized household in Shanghai. The annual electricity consumption of this standardized household is 2,463.53 kWh. This electricity consumption is then multiplied by the grid emission coefficient (0.8095 tCO2/mWh), which is [image: image] in Eq. 1, the final result is that the standardized household in Shanghai generate 1.99 tons of CO2 emissions from electricity (see Table 4).
TABLE 4 | Urban household carbon emission ranking in 2014.
[image: Table 4]For transportation and other fuel, we use the Heckman two-step model to predict the energy consumption of a standardized household. Using Shanghai as an example, the equations are shown below.
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Based on the first regression step, we predict the probability of car ownership in a standardized households to be 9.7%. Using the second regression step, we estimate the energy consumption of private car use in a standardized households to be 307.94 kg of coal equivalent (kgce)/year. The energy consumption is then converted into carbon emissions based on the CO2 emission coefficient of standard coal. The results show that a standardized household in Shanghai produces about 0.76 tons of CO2 emissions per year from the use of private cars (Table 4). The same method are be used to estimate the other fuel carbon emissions (such as honeycomb briquette, coal, LPG, natural gas, gas, straw and firewood). The total household carbon emissions are presented in Table 4. As there are a few observation samples of private cars in CRECS urban household data, we follow the practice of Zheng S. et al. (2011) to use the statistic yearbook data to replace some cities with insufficient observation samples (the same situation also exists in liquefied gas, natural gas and gas).
5.2 China’s Cities Ranking Based on the Household Carbon Emissions
Based on Eq. 1, we rank the total carbon emissions of a standardized household in 54 sample cities. The results are presented in Table 4. The 10 cities with lowest carbon emissions are Shangrao, Fuyang, Zhangzhou, Zunyi, Xiangyang, Leshan, Huaihua, Nanjing, Luzhou, and Meishan, and the 10 cities with the highest carbon emissions are Qiqihar, Handan, Harbin, Changzhi, Xining, Shenyang, Beijing, Wuhan, Qitaihe and Taian. In terms of location, cities with high carbon emissions are mostly concentrated in the northeastern of China (such as Harbin and Qitaihe). The temperatures in these areas are extremely low in winter and thus there are higher demands for heating services. On the other hand, cities with lower carbon emission are mostly on both sides of the Huai River/Qinling Mountains line, especially on the south side (such as Fuyang and Xiangyang). Compared with other southern cities, the temperature differences between the northern and the southern side of such cities are smaller and thus there is no high demand central heating in winter or electricity for cooling in summer. In terms of city size, large cities with developed economies have more carbon emissions (such as Wuhan and Guangzhou) compared to small and medium-sized cities, which have higher demand with electricity consumption and private car. In terms of resource endowments, resource-based cities such as Qiqihar, Changzhi, and Handan have rich mineral resources, low coal prices and higher emission. Energy structure reform can be implemented in resource-based cities to develop renewable energy sources such as wind power, photovoltaics and hydropower according to local conditions, promoting the exploitation and utilization of clean fuels such as coalbed methane (CBM), natural gas and unconventional gas (shale gas), and which can further promote long-term policy support for the systematic construction of total consumption and coal control in such cities (Feng et al., 2017; Sun et al., 2021).
Under the condition of zero carbon tax, Glaeser and Kahn (2010) regard the social cost of standardized household carbon emissions in different regions as an optimal location tax. For example, the difference in emissions costs of 2,154 yuan between Qiqihar and Shangrao means families should pay 2,154 yuan in migrating taxes each year moving from Shangrao to Qiqihar. If the migrating tax is high, the residents will reduce their willingness to move, and conversely, it will increase the residents’ willingness to move. But the study also shows that a direct carbon tax would improve social welfare more than any local tax. Therefore, the significance of calculating the migrating cost is more to show the environmental externalities of the residents from the low emission cities to the high emission cities. The external cost of carbon emissions from households located in place A rather than in place B is equal to the increase in carbon emissions in place A minus the decrease in carbon emissions in place B, multiplied by the social cost minus the current level of carbon tax. The marginal social cost per ton of carbon emissions is 35 dollars (Metcalf, 2009), the environmental cost of a standardized household moving from the most “green” city to the most “brown” city would be 2,154.14 yuan (converted from 2014 average exchange rates), which represents about 2.24% of a standardized household’s annual income. We believe this gap would be greatly alleviated if the government imposes an appropriate carbon tax on areas and households with high carbon emissions. However, the factors to be considered are very complicated in the process of formulating carbon tax policy. It may be a focus of future research with how to accurately transfer the negative externalities of carbon emissions to consumers while ensuring the stability of energy prices.
5.3 Analysis of Inter-City Differences in Household Carbon Emissions
Table 5 presents regression between standardized household carbon emissions and urban characteristics (urban income level, population size, average temperatures and urban spatial structure). Using the method of Liu et al. (2017), we calculate polycentric index reflecting the degree of monocentric/polycentric of the city to analyze the spatial distribution of the population in the city area:
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TABLE 5 | Explaining cross city variations in standardized household’s carbon emissions.
[image: Table 5]Based on corrected nighttime light data, we extract the total value of nighttime light brightness DN for all counties, county-level cities and municipal districts within each sample city. The proportion of the total light brightness value of municipal districts to the entire city total light brightness value reflect the spatial structure of the city. The value of the index is between 0 and 1: the closer to 1, the more monocentric the spatial organization of the city.
We find that household electricity consumption is positively correlated to the urban population size and income level, which means the larger and the more developed the city, the higher household electricity emissions. There is negative relationship between summer temperature and household electricity emissions, but it is not significant. There is also no significant relationship between centralized heating emissions and urban income and population size, which may be due to China’s centralized heating policy, based on the climatic conditions of different regions while not relying on the economic level and development of the cities. Winter temperatures significantly affect household heating carbon emissions and even overall household carbon emissions. The regression results indicate that the demand for heating services is stronger in regions with colder climates, if the temperature rises by 1°C in January, the carbon dioxide emissions generated by central heating for a standardized household will decrease by 0.077 tons. Figure 1 gives the relationship between the total carbon emissions of a standardized household and the average winter temperature in 54 cities, and we can see that the cities with higher carbon emissions include Qiqihar, Harbin and Qitaihe. These cities are located in the northeast of China and the average winter temperature can reach below −15°C, the cold temperature and longer heating period also make residential heating becomes the main source of household carbon emissions. Cities like Fuzhou and Shenzhen, which have high winter temperatures, do not have excessive heating demand. Even though the standardized household in these cities has higher electricity emissions, the total carbon emissions are relatively low. China has set up pilot areas for clean energy heating such as nuclear and solar power (Kong and Liang, 2021; Zhao, 2021). If centralized heating system can be upgraded and such new heating technologies can be further promoted, then carbon emissions in northeast China and even the whole northern region can be significantly reduced, thus effectively relieving the pressure of carbon emission reduction in China.
[image: Figure 1]FIGURE 1 | The cross-city relationship between winter temperature and household carbon emissions. Note: The corresponding abbreviations and full names of each city are as follows: AS, Anshun; BJ, Beijing; CC, Changchun; CZ1, Changzhi; CZ2, ChangZhou; CY, Chaoyang; CZ3, Chenzhou; CQ, Chongqing; FY, Fuyang; FZ, Fuzhou; GY, Guiyang; GZ1, Ganzhou; GZ2, Guangzhou; HD, Handan; HZ1, Hangzhou; HRB, Harbin; HH1, Heihe; HH2, Huaihua; HLD, Huludao; HZ2, Huzhou; JL, Jilin; JN, Jining; LS, Leshan; LYG, Lianyungang; LZ1, Liuzhou; LZ2, Luzhou; MS, Meishan; NJ, Nanjing; NB, Ningbo; QQHR, Qiqihar; QTH, Qitaihe; SM, Sanming; SH, Shanghai; SQ, Shangqiu; SY1, Shaoyang; SY2, Shenyang; SY3, Shangrao; SZ, ShenZhen; TA, Taian; TY, Taiyuan; TS, Tangshan; TJ, TianJin; TL, Tieling; WH, Wuhan; WZ, Wuzhong; XY, Xiangyang; XN, Xining; XZ, Xuzhou; YA, Yan’an; YT, Yingtan; YC, Yuncheng; ZZ, Zhangzhou; ZK, Zhoukou; ZY, Zunyi.
After controlling for urban income and population size, the regression results show that there is a significant negative relationship between the polycentricity urban spatial structure with transportation carbon emissions. It may be due to the fact that a higher degree of polycentricity is often associated with a rational urban spatial layout, where businesses and residents can periodically adjust their residential locations to achieve a local balance of residence and employment, thus achieving shorter commuting distances and lower transportation emissions (Gordon and Wong, 1985; Giuliano and Small, 1993; Yan and Sun, 2015). Some scholars also believe that public transportation is better built in polycentric areas, and residents will choose public transportation more often, thus reducing emissions from private car (Veneri and Burgalassi, 2012). While promoting urban polycentric development, policy makers should also prevent urban sprawl in the urban planning and build a relatively balanced spatial distribution system for employment, housing and public resources. In addition, the government should build a more convenient and reasonable urban public transportation system and encourage residents to take public transportation such as subways and buses to alleviate the current excessive demand for private cars among urban households.
6 DISCUSSION
Compared to developed countries such as Europe and the United States, China is a late starter in field of household energy consumption survey, and the existing data stock is less able to meet the needs of increasingly complex studies. According to the type of data used, domestic studies in China can be basically divided into two categories. The first type of research is mainly based on macro statistics (Wu et al., 2016). In addition to the existence of various types of energy statistics by species, by region and by sector in the energy balance sheet, the statistical yearbook of each city also includes the consumption of three types of energy for urban residents: electricity, gas and heating. Although macro data can be better combined with other macroeconomic indicators and housing conditions in China, it is difficult to reveal the differences and causes of carbon emissions caused by different household consumption patterns, which makes it difficult for relevant research to find out the driving factors of lifestyle differences from the perspective of consumers themselves and put forward specific management suggestions. Therefore, Glaeser and Kahn (2010) proposed the “standardized household,” which combined macro urban data with micro household data and partly made up for the lack of macro data indicators. The second type of research is based on comprehensive survey data. There are a few large-scale special survey on household consumption in China, and most comprehensive survey data only roughly record the expenditure or consumption of individual types of energy used by the households interviewed, making it difficult for researchers to fully grasp all energy types and their consumption characteristics for a long time. Small-scale survey data can make up for the lack of energy types, but the survey area is limited to a specific area such as a city. As can be seen above, previous studies have been constrained by comprehensive micro-survey data, which cannot comprehensively examine the characteristics of energy consumption and carbon emissions of different types households. The CRECS data can not only better integrate with macro data, but also record more complete energy types and consumption, making our research get more comprehensive statistics results of household carbon emissions.
In terms of research methods, our study basically follows the research methods of Glaeser and Kahn (2010) and Zheng S.Q. et al. (2011). Carbon coefficient method is mainly used to measure carbon emissions from household energy consumption, Heckman two-step method is used to explore the relationship between household characteristics and household energy consumption and carbon emissions. For the measurement indicators, we estimate energy consumption for central heating and private car based on CRECS data and using the methods of Zheng et al. (2017), replacing the residential area and city-level transportation data, which are substitute indicators for central heating and transportation energy consumption in previous studies due to the lack of relevant household consumption data. In particular, we take into account the age of the residence, insulation technology, heating area and heating duration in the estimation of energy consumption for central heating. In the estimation of private car energy consumption, we take into account the actual fuel consumption, mileage and fuel type of private cars, which makes our estimation results more reasonable and accurate.
Our research conclusions are basically consistent with the findings of Pfaff et al. (2004), Huo et al. (2010), Glaeser and Kahn (2010), Zheng S. et al. (2011), and Li et al. (2013). With the improvement of income levels, urban residents’ willingness to consumption more energy to meet service demands thereby increasing household energy consumption and carbon emissions. The household carbon emission in Northeast China and resource-based cities are higher, and the same applies to large cities compared with small and medium-sized cities. The migration of urban residents from “green” cities to “brown” cities will generate certain environmental externalities. Urban economic level, population size, temperature and urban form all exert influences on household carbon emissions. Unlike previous studies, our study also find the following: Firstly, households living in suburban or urban villages use inferior energy sources such as coal, firewood and straw, while use clear energy sources such as electricity and natural gas, creating an energy stack of multiple energy sources at the same time (Masera et al., 2000). This is due to the fact that most of the families are rural migrant workers. On the one hand, they maintain their traditional energy use habits, and on the other hand, their income is relatively low, so the cost of continuously using high-powered heating equipment such as air conditioners or high-quality fuels such as natural gas will beyond the family’s ability to pay. In order to save the cost of living, these families have to continue to use coal, straw and firewood, which are inexpensive but polluting energy sources. Secondly, compared with Zheng S. Q. et al. (2011) and Li et al. (2013), the carbon dioxide emissions of standardized household’s central heating and private car calculated in this study are significantly higher in the green city ranking. In addition to the differences in estimation methods, the reason for this change may also be that the residential area and private car ownership of urban residents have increased significantly. Thirdly, compared with previous studies, we find that the environmental externalities caused by households moving from low emission cities to high emission cities have increased. Finally, we find that the polycentric urban spatial structure is beneficial in reducing carbon emissions from private car. However, there is still debate on this issue. Opponents of polycentric development argue that polycentric urban development will further exacerbate the spatial separation of jobs and residences, increase the tendency to cross-commute, and make it easier for residents to choose private cars as a mode of travel (Ha et al., 2021). Therefore, a more detailed and meticulous analysis of this issue will be an important direction for future research.
7 CONCLUSION AND POLICY RECOMMENDATIONS
With micro data from the CRECS 2014, this paper has examined the impact of rapid urbanization on the carbon emissions of standardized household in different cities, based on a more comprehensive understanding of the energy consumption of Chinese urban households. The study has found that low-income households living in suburban and urban villages always use coal, firewood, straw and other inferior energy sources, and they are the key objects to realize energy saving and carbon emission reduction of urban households in the future. Second, we find that cities with cold winter climates and resource-based cities have higher carbon emissions after analyzing the city rankings, and cities with lower carbon emission are mostly on both sides of the Huai River/Qinling Mountains line, especially on the south side. Compared with small and medium-sized cities, large and economically developed cities have higher carbon emissions. Third, factors such as urban income, population size and temperatures all have effects on household carbon emissions, the polycentric development of urban spatial structure is conducive to the reduction of carbon emissions from private car.
Based on these empirical results, we propose several suggestions for policymakers. Firstly, the government should formulate differentiated fiscal and energy policies to help low-income households get rid of their dependence on inferior energy sources. While implementing energy upgrading policies such as those for the changes of “coal to electricity” and “coal to gas” in suburban areas, low-income families should be given energy subsidies, realizing financial funds to low-income people and backward areas, so as to make up for the shortcomings of transformation of household energy in urban areas. For high-income households, the relevant authorities should guide them to form low-carbon and reasonable consumption habits through policy promotion. Appropriate carbon taxes should be imposed on high emission areas and “high carbon” consumption behaviors.
Secondly, government should actively consider the application of alternative heating technologies and the adjustment of heating service prices in the face of high carbon emissions from central heating in northern cities. On the one hand, the heating department should speed up the upgrading of urban heating systems and promote the application of new heating technologies such as solar and nuclear energy. On the other hand, two pricing methods that combine basic charging and heat charging should be implemented on a trial basis in other northern heating areas except the northeast. At the same time, the installation of temperature regulation equipment in home can enable residents to control the heating energy consumption of households more flexibly according to their own conditions, thus help to relieve the pressure of carbon emission reduction in northern cities.
Meanwhile, policy makers could encourage developers to build green houses with energy-saving technologies through tax breaks, financial subsidies and green credits. Insulation technology can be chosen for new housing construction (Such as solar systems, ground source heat pump systems, appliances for natural ventilation and Low-E insulation windows), thus reducing energy loss due to indoor and outdoor air exchange. In response to growing transportation carbon emissions, the authorities should impose stricter emission standards for fuel vehicles and tighten licensing control policies to limit the growth in demand for fuel vehicles while encouraging consumers to purchase new energy vehicles and hybrid energy vehicles. Provide “supportive” financial subsidies and tax incentives to new energy vehicle enterprises to reduce the cost of technological innovation, enhance their enthusiasm and thus effectively cultivate the new energy vehicle market. While promoting urban polycentric development, the government should prevent the disorderly expansion of cities and build a balanced spatial distribution system for residence, employment and public resources. At the same time, the government should also build a more convenient and reasonable urban public transportation system and encourage residents to take public transportation such as subways and buses, so as to alleviate the current excessive demand for private cars.
Finally, decision makers should attach importance to green publicity, and guide the public to form a low-carbon and reasonable living habit ideologically. National energy departments should provide more information and guidance on household energy use and promote residents’ understanding of low-carbon lifestyles through activities and programs with educational and popular science content. At the same time, mass media and the communities should inform the public about the hazards of greenhouse gas emissions and make them aware of the urgency and importance of low-carbon energy conservation. When promoting green energy-saving products, the government and enterprises should pay attention to the combination of green energy-saving labels and advertising claims, so as to increase the public’s awareness and trust in energy-saving products and technologies.
However, there are still several limitations of the study. We cannot consider the carbon emissions of firewood and straw in the city rankings due to the small sample size of CRECS, for cities and energy types with insufficient observational samples, we can only supplement and revise them based on yearbook data. The CRECS data only includes the energy consumption of private car, so that we cannot observe the carbon emissions produced by other transportation. We only discuss the effect of urban polycentric development on private vehicle emissions and does not conduct further empirical analysis on its mechanism in more detail. The emergence of various new technologies and policies in recent years has also led to significant changes in residents’ energy use behavior, we can make policy recommendations that are more in line with the reality if we can use the updated CRECS data and contain a larger sample size.
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The development of the regional economy is of major concern against the backdrop of the “new normal.” As a problem that has persisted in China for decades, zombie firms have a negative impact on regional and industrial sustainable development. This study first presents a novel method for identifying zombie firms and then analyzes the characteristics of zombie firms in the Yangtze River Delta Urban Agglomerations during a specified period. A fixed-effect model is used to examine the impact of firm zombification on normal enterprise investment. Despite the low level of zombification of industrial enterprises in the Yangtze River Delta Urban Agglomeration, the results of the study indicate that it has a considerable negative influence on enterprise investment. After applying multiple methods for robustness testing and constructing instrumental variables to solve the endogeneity problem, our results have remained stable. The carbon intensity effect and the competitive weakening effect are also examined as two impact mechanisms. Our findings have significant theoretical and practical ramifications: 1) It introduces a novel concept for defining zombie firms, which will aid in the improvement of the technique of identifying zombie firms based on the Chinese Industrial Enterprise Database; 2) It proposes a novel approach to zombie firm research, and it is critical to better understand the harmful effects of zombie firms on industrial sustainable development and to make specific efforts to address them; 3) It makes recommendations to the government on how to establish industrial policy. The policy tilt towards state-owned enterprises should be adjusted, while regional economic characteristics should be fully considered to ensure the sustainable development of the industry and the region.
Keywords: zombie firms, extrusion effect, Yangtze River Delta Urban Agglomerations (YRDUA), SMEs—small and medium sized enterprises, industrial sustainable development
1 INTRODUCTION
In the context of the “new normal,” in which the economic structure is gradually optimized, the economic growth rate is gradually slowed, and the economic drive is fully transformed, the transformation and development of China’s regional economy is a prerequisite for constructing a moderately prosperous society and achieving socialist modernization in its entirety. As one of the most important economic regions in China, the Yangtze River Delta Urban Agglomerations is an economic zone composed of 26 cities with the best urbanization foundation, the fastest economic development, and the strongest competitive power in the eastern coastal region. According to public data, the Yangtze River Delta Urban Agglomerations account for only 2.3 percent of the total area of China, yet contribute about a quarter of China’s GDP. As a result, the economic and industrial sustainable development of the Yangtze River Delta Urban Agglomerations has been widely concerned. The status quo and impact of zombie firms in the Yangtze River Delta Urban Agglomerations are of considerable theoretical and practical importance in promoting the transformation of government functions, economic sustainable development, and industrial policy adjustment in the region.
In recent years, experts and policymakers have paid increased attention to zombie firms, which are mature enterprises that are heavily indebted, chronically unprofitable, and have no way of repaying their loans over a long period. Zombie firms control a substantial quantity of land, capital, energy, labor, and other essential resources, but they are unable to provide comparable economic benefits, which is the “pain point” of economic progress and industrial sustainable development in modern society. The existence of zombie firms not only has extremely negative consequences for investors and creditors but also increases macroeconomic operational risks, preventing resources from flowing to higher-returning enterprises, obstructing economic transformation and upgrading, as well as effective industrial structure adjustment. Zombie firms may also cause substantial debt defaults, rendering a large number of maturing debts unpayable, wreaking havoc on the market and financial ecosphere, and posing a major concealed threat to economic development and social stability. In late years, the Chinese government has begun to place a high priority on the issue of zombie firms.
There has been a growth in research on zombie firms since the groundbreaking research of Caballero, Hoshi and Kashyap (Caballero et al., 2008). However, it is predominantly concerned with market congestion and aggregate growth difficulties (Caballero et al., 2008; Adalet McGowan et al., 2018; Andrews and Petroulakis, 2019). With the exception of the research by Goto and Wilbur (2019) and Carreira et al. (2021), most of the existing research is based on the samples of large listed companies, and the zombie firm problem of other enterprises has not been explained in detail. In addition, the majority of extant research only focuses on the state of zombie firms at the national level, rather than taking China’s special economic zones into account. For all we know, our work is the first to reveal the influence of zombie firms in the context of a region where small and medium-sized enterprises gather (Yangtze River Delta Urban Agglomerations). It has the advantage of presenting evidence for the entire industry and region. The research also makes a methodological addition to the identification of zombie firms, which is a distinct feature too. The typical NH-CHK approach cannot be utilized to identify zombie firms due to the features of the Chinese Industrial Enterprise Database. Through the ongoing infusion of bank loans, zombie businesses can typically greatly extend their survival time in the market (Okamura, 2011). In this context, “profitability” and “debt ratio” are more suitable for identifying zombie firms in the Chinese Industrial Enterprise Database than the “subsidized” interest rate criterion after eliminating normal enterprises with poor initial operating conditions. At the same time, we consider the healthy enterprises that may be erroneously identified as zombie firms at the beginning of their establishment and make the identification procedure easier.
We address, in particular, the following issues: What is the status of zombie firms in the Yangtze River Delta Urban Agglomerations over a long period? What position do SMEs occupy in the zombie firms of the Yangtze River Delta Urban Agglomerations? What impact does the existence of zombie firms have on private investment in healthy firms in this area? What are the mechanisms that affect the impact of zombie firms on enterprise investment?
The study is based on the Chinese Industrial Enterprises Database, the China City Statistical Yearbook, and the China Statistical Yearbook on Environment for the period 2003–2013. During this interval, due to the influence of the Financial Crisis and the four-trillion economic stimulus plan, the time variation trend of the proportion of zombie firms can be accurately observed. A fixed-effect model is used to investigate whether the investment of other normal firms is crowded out by zombie firms. The empirical findings demonstrate that, while the share of zombie firms in the Yangtze River Delta Urban Agglomerations is low, they have driven out non-zombie firms’ investment significantly. Specifically, a 0.229 percentage point reduction in non-zombie investment is connected with a rise of 1 percentage point in the ratio of zombie firms (debt-weighted). We verify the robustness of our empirical results by changing the calculation method of enterprise investment, unifying the statistical caliber of the sample, replacing the calculation method of zombie enterprise ratio, and replacing the proportion of zombie firms with different weighting methods. Our regression results remain significant after employing the instrumental variables method to address the endogeneity problem. In addition, the results of the mechanism analysis demonstrate that zombie firms influence the regular investment of enterprises through the carbon intensity effect and the competitive weakening effect.
The remaining sections of our paper are arranged as follows. Section 2 is a review of previous research on zombie firms, while Section 3 describes the data processing and the identification methods of zombie firms. Section 4 empirically analyzes the influence of zombie firms on enterprise investment. The results of robustness checks are also reported in this section. Section 5 is the conclusion of this paper, including relevant policy recommendations and directions for further research.
2 RELATED LITERATURE REVIEW
Zombie firms have been a concern over the last 2 decades. The two countries most concerned by relevant research are Japan and China. The problem of zombie firms has also received a lot of attention in the United Kingdom, the United States, Canada, Portugal, and other European countries. It has been shown that, depending on the definition of zombie firms, the share of zombie firms in advanced economies might range from 6 to 12 percent (Banerjee and Hofmann, 2018). The problem is far more common than previously imagined, affecting almost all economic communities. Since the “Plaza Accord,” the existence of zombie firms has been considered to be the cause of the “lost decade” (Fukao and Ug Kwon, 2006). The stagnation of the Japanese economy caused by zombie firms has also had a lasting and far-reaching impact on global economic development, especially in the wake of the economic crisis. Countries affected include, but are not limited to, France, Italy, China, and South Korea (Hoshi and Kashyap, 2015). The term “zombie firm” was first proposed as a professional economic term by Edward Kane (Kane, 1987). At present, the academics agree on the definition of zombie firms, which are defined as “enterprises in commercial difficulties and lack of self-sufficiency that are protected from bankruptcy and liquidation by creditors or government support” (Katz, 2003; Hoshi and Kim, 2012). In other words, zombie firms refer to a category of enterprises that are deeply in debt and lack profitability, and cannot repay their debts over an extended period, yet fail to exit the market for a variety of reasons.
The research on the stagnation in Japan in the late 20th century by Peek and Rosengren (2005) and Caballero et al. (2008) has been regarded as the beginning of related research on zombie firms. Both studies emphasized that the existence of zombie firms is actually the reason for the misallocation of resources during this period, which resulted in a delay in the withdrawal of inefficient enterprises. Existing research has shown that the incentives for the emergence of zombie firms are often multifaceted. From the perspective of external incentives, the improper allocation of credit resources and government intervention is related to the establishment and sustainable survival of zombie firms. Banks often tend to provide zombie credit to enterprises in order to cover up poor debts, which is one of the chief causes of the emergence of zombie firms (Fukuda et al., 2006; Hoshi, 2006). The long-term relationship between a bank and a borrower may lead to private contracts, and the bank may continue to lend to the borrower as a result, despite the fact that this is unethical (Nishimura and Kawamoto, 2003; Beck et al., 2018). Regulatory forbearance may also give opportunities to weak banks, which in turn may lead to the emergence of zombie firms (Okamura, 2011). That is to say, under-capitalized banks do not have to worry too much about being penalized by the authorities for the bad loans, thus they prefer to roll over loans to inefficient firms (Storz et al., 2017; Schivardi et al., 2022). Subsidization programs enacted by the government may also serve as a breeding ground for zombie firms. To maintain stability, the government routinely provides financial and other resources to enterprises facing bankruptcy through various subsidy programs, thereby assisting these enterprises in surviving in the market (Jaskowski, 2015). In general, accommodating policies boost the confidence of banks in the resurrection of zombie firms and thus influence the proper utilization of bank loans (White, 2012). Meanwhile, such policies reduce the difficulty and cost of enterprise financing, further guaranteeing the survival of unproductive firms (Borio and Hofmann, 2017). The internal causes of firms’ “zombification” are their lack of comparative advantages and low operating efficiency. Shen and Chen (2017) found through the study of energy mining and manufacturing enterprises that low operating efficiency is the main reason for enterprises to become zombies. They also proposed that factor endowment advantage and technological comparative advantage can explain the appearance of zombie firms; that is, enterprises that do not conform to the comparative advantage have a greater chance of becoming zombie firms.
The prevalence of zombie firms has been proved to have a multifaceted impact on the macro-economy. In recent years, there has been an upsurge in studies assessing the impact of zombie firms, with the research viewpoint mostly focusing on market congestion and aggregate growth challenges. According to the study by Caballero et al. (2008), zombie firms that are unable to exit from the market smoothly may be the primary cause of market congestion and the loss in aggregate productivity in Japan. According to some research findings, the higher the ratio of zombie firms, the lower the efficiency of capital redistribution (Tan et al., 2016; Adalet McGowan et al., 2018; Gouveia and Osterhold, 2018; Andrews and Petroulakis, 2019). Zombie congestion is becoming a common obstacle for young firms to enter the market. This is because the existence of zombie enterprises causes market congestion, distorts the normal competition mechanism, and increases the likelihood that normal enterprises will encounter resource constraints (San-Jose et al., 2022). In addition, the presence of zombie congestion may also have a hindering effect on the progress and upgrading of efficient enterprises in the market (Adalet McGowan et al., 2018). Job losses and lower profitability may also be caused by zombies. The studies of Arrowsmith et al. (2013) and Adalet McGowan et al. (2018) show that zombie congestion increases the resource limitations encountered by healthy firms, diminishes the efficiency of resource reallocation, and consequently reduces the overall productivity of society. Evidence from China also supports this point. Huang et al. (2021) confirmed that the prevalence of zombie firms squeezed the marginal return of factors and increased the marginal cost of input factors of normal firms, thereby significantly reducing the TFP level at the industry level. Li et al. (2021) analyzed the impact of zombie enterprises on the four sources of total TFP growth and verified that zombie enterprises can adversely affect TFP growth by hindering technological progress and deteriorating resource allocation. Furthermore, as a very inefficient category of enterprises, zombie firms are not only unproductive, but also have a certain degree of contagiousness (Ahearne and Shinada, 2005; Hoshi, 2006). Namely, the existence of zombie firms may result in the transition of healthy companies with which they collaborate into zombie enterprises as well.
As a result, a decrease in the number of zombies is predicted to result in significant economic benefits. The focus of the discussion on zombie firm disposal strategy is mostly on three aspects: enterprise revival, government policy, and firm exit. Downsizing has been proved to be an effective way to revive zombie firms (Fukuda and Nakamura, 2011). However, the implementation of scaling down (or restructuring) necessitates two important prerequisites: improved bank supervision and the perfection of the bankruptcy restructuring system (Nakamura, 2017; Andrews and Petroulakis, 2019). Effective restructuring policy, like debt restructuring, and reduction of corporate restructuring barriers will also help zombie firms back to good financial health and promote their recovery (Adalet McGowan et al., 2018; Carreira et al., 2021). For developing countries, governments should utilize the appropriate “helping hands” to assist healthy enterprises with the potential to develop further based on market-oriented principles, so as to gradually dispose of the problems of zombie firms. Government intervention, such as financial support for zombie firms and preferential industrial policies in the name of boosting the economy, must be reduced (Han et al., 2019; Geng et al., 2021). In conclusion, an efficient zombie firm screening mechanism, a bankruptcy procedure that promotes redistribution, and the appropriate government intervention mechanism will aid in the alleviation of the zombie firm problems.
To summarize, zombie firms as an important issue in the sustainable development of industry have aroused widespread concern. The research results of Caballero, Hoshi, and Kashyap were seminal, laying the groundwork for the research related to zombie firms (Caballero et al., 2008). Academics have conducted talks in many directions on this premise. However, as Imai pointed out, the majority of these studies have been conducted based on the data of stock exchange-listed companies, implying that they exclusively focus on zombie problems among large enterprises (Imai, 2016). The fact is that small and medium-sized enterprises (SMEs) account for a sizable portion of the Yangtze River Delta Urban Agglomerations and even in all other economies (Wang and Wu, 2011; Luo et al., 2018). Furthermore, practically all existing research on Chinese zombie firms is based on provincial-level data, and no relevant study on zombie firms exists in China’s special economic regions. Given this, these two major deficiencies will be remedied by our research.
3 DATA AND IDENTIFICATION STRATEGY
3.1 Data Source
The data used in this paper are all from the China City Statistical Yearbook, the China Statistical Yearbook on Environment, and the Chinese Industrial Enterprise Database over the period 2003–2013. The reliability of the data in 2010 is poor due to the excessive number of missing values in the Chinese Industrial Enterprise Database. To ensure that our findings and conclusions are based on normal data, we exclude the data of 2010 and treat the remaining years as consecutive years. The Chinese Industrial Enterprises Database includes all manufacturing enterprises (above scale)1 in mainland China with different types of ownership. This database contains the basic information, financial data, and production and sales of almost all enterprises in China’s manufacturing industry, and is one of the most commonly used databases in China. Since the national economic industry classification standards in China have changed, we unified the four-digit industry classification of the national economy according to the relevant standards in the process of data processing2. Although the Chinese Industrial Enterprises Database is one of the most commonly used databases in China, its initial data has the characteristics of chaotic matching, missing indexes, and abnormal indexes. Therefore, this paper refers to a set of more rigorous processing methods provided by Brandt et al. (2012) for the Chinese Industrial Enterprises Database and processes the data from the Chinese Industrial Enterprises Database from 2003 to 2013. Based on running Brandt code, the manual method is used again to cross-match the enterprise code, enterprise name, legal person name, and enterprise address. The missing and wrong samples, such as the start year and the number of employees, are all corrected. Considering the problems of misstatement and understatement of data, this paper refers to the current accounting standards to eliminate data that is abnormal and do not meet the accounting standards. 1) Lack of important financial indicators (e.g., total assets, total liabilities, total fixed assets, total profits, capital received, number of employees, etc.). 2) Do not comply with current Generally Accepted Accounting Principle (GAAP), such as total current assets are greater than total assets, total fixed assets are greater than total assets, profit margin of total assets are greater than 1, paid-in capital is less than or equal to 03, etc., 3) Eliminate enterprises with less than 20 employees (small and micro enterprises4 with too few employees often have imperfect accounting systems and their data quality is difficult to control). 4) Repetitive year matching with the enterprise code. In light of this, city-level control variables are matched to the Chinese Industrial Enterprises Database, utilizing the city’s four-digit codes and years as matching tools. As a result, a total of 763,152 unbalanced panel data sets were obtained.
3.2 Identification Strategy of Zombie Firms
There are various ways to identify zombie enterprises. For example, Mohrman and Stuerke regard negative equity companies as the most extreme type of zombie firms (Mohrman and Stuerke, 2014). The most commonly used measurement methods of zombie firms are the CHK method and the NH-CHK approaches. Caballero et al. (2008) introduced the classic CHK standard in 2008, which detects zombie firms based on their interest expenses. Specifically, firms with actual net interest expenses of less than the minimum required net interest expenses are defined as zombie firms. To remedy the defects of the CHK method by using the preferential loan as the only condition, Fukuda and Nakamura (2011) established FN-CHK standards by adding profitability and evergreen loan indicators. Although the CHK method and FN-CHK method are commonly used to identify zombie firms in the world, these two methods do not apply to the Chinese Industrial Enterprise Database. That is because indicators required by these two standards such as long-term loans, short-term loans, corporate bonds and loan interest rates are not disclosed in the Chinese Industrial Enterprise Database. According to the identities of the Chinese Industrial Enterprise Database, several methods of zombie enterprise identification, such as the official standard, the actual profit method, and the over-borrowing method, are proposed. The official standard is formulated by the State Council of China. The enterprises that do not have competitiveness and profitability, occupy resources inefficiently, do not meet the relevant national standards, and have continuously lost for more than 3 years are identified as zombie enterprises (i.e., continuous loss method). Although the continuous loss method is simple and clear, it does not take into account the situation that enterprises cannot make ends meet in the initial stage of establishment, and it is easy to mistakenly identify the enterprises in the initial stage as zombie enterprises. Therefore, we propose the identification method of this paper based on the excessive lending method and the actual profit method. In order to easily and accurately identify zombie enterprises, we identify industrial enterprises that meet the following conditions as zombie firms: 1) Asset-liability ratio greater than 50%. The asset-liability ratio represents the ability of a company to carry out commercial activities with the cash or other assets granted by creditors and is also an essential indicator reflecting the degree of loan security provided by creditors. In accounting practice, a high asset-liability ratio is usually regarded as a signal of danger in enterprise operations. At the same time, the high asset-liability ratio is also in line with the characteristics of the “high debt” of zombie firms. 2) Actual profit less than 0. In this paper, the actual profit is defined as the total profit minus the income tax payable, so as to eliminate the influence of taxes and fees paid in advance on the actual profit and to reflect the operating status and solvency of the enterprise. Lack of profitability is an important criterion. The actual profit is less than 0, which means that the enterprise is suffering a loss, which is in line with the characteristics of zombie firms mentioned above. 3) Age of enterprise is 8 years or above. It is necessary to separate early-established enterprises in zombie enterprise identification to reduce the false identification rate. China’s manufacturing businesses have an average lifespan of 8 years. Therefore, we set the criteria for the enterprise older than 8 years, that is, focusing on the enterprises that have outlived regional average age (and left the growth period), to avoid misidentifying the enterprises at the initial stage of establishment, with high debt ratio or poor operating income as zombie firms, and avoiding data loss caused by factors such as enterprise merger and split. 4) Current year liabilities increased compared to the previous year. Increasing liabilities indicates a growth in loans taken by enterprises, which is consistent with the characteristics of zombie firms receiving a bank-provided blood transfusion. In summary, this paper identifies the industrial enterprises with high asset-liability ratios, weak solvency, increasing liabilities, and separated from the founding period in the Yangtze River Delta Urban Agglomerations as zombie firms.
3.3 Characteristics of Zombie Firms
In this section, we investigate the features of zombie firms in the Yangtze River Delta Urban Agglomerations from five aspects. First, we report the time-varying trend of the ratio of zombie firms in this region from 2003 to 2013. Figure 1 shows the results of the proportion of zombie firms under different weighting methods. The blue line indicates the proportion of zombie firms weighted by debt, the green line indicates the proportion of zombie firms weighted by sales, the red line indicates the proportion of zombie firms weighted by assets, and the orange line indicates the proportion of zombie firms in the total number of industrial enterprises. From a general perspective, the average share of zombie firms (quantitative proportion) is 3.36% during the sample period (2003–2013). From the perspective of the time dimension, the share of zombie firms in the Yangtze River Delta Urban Agglomerations decreased gradually before 2008 and rose significantly in 2008, which may be caused by the Financial Crisis in 2008. With the introduction of the four-trillion economic stimulus plan, the share of zombie firms fell to a low level by 2011. However, with the reduction in policy efforts and the slowdown in economic growth, the proportion of zombie enterprises rose again after 2011, with the debt-weighted, asset-weighted, and quantitative ratios being higher than pre-crisis levels, while the sales-weighted ratio was slightly lower than pre-crisis levels. On the whole, the quantitative proportion of zombie firms is much smaller than its debt-weighted share, asset-weighted share, and overall larger than its sales-weighted share, which indicates that the zombie firms in the Yangtze River Delta Urban Agglomerations in this period occupy a large number of resources, builds up debts but fails to generate corresponding income. That is to say, the operating conditions of zombie firms have deteriorated, and the elimination of zombie firms is a matter of concern.
[image: Figure 1]FIGURE 1 | Proportion of zombie firms in the Yangtze River Delta Urban Agglomerations from 2003 to 2013.
Second, we show the regional characteristics of zombie firms from 2003–2013. Figure 2 shows the proportion of zombie enterprises in different regions away from the regional economic center (Shanghai). We selected Shanghai as the economic center of the Yangtze River Delta Urban Agglomerations and divided the 26 cities into five groups according to an interval of 100 km. Among them, 0–100 km includes Shanghai, Suzhou, Nantong, and Jiaxing; 100–200 km including Wuxi, Changzhou, Hangzhou, Ningbo, Shaoxing, Huzhou, Zhoushan; 200–300 km includes Nanjing, Zhenjiang, Yancheng, Yangzhou, Taizhou (3212), Jinhua, Taizhou (33105), Wuhu, Ma ‘anshan, Xuancheng; 300–400 km including Tongling, Chuzhou, Chizhou; 400–500 km includes Hefei and Anqing. The blue line indicates 0–100 km, the red line indicates 100–200 km, the green line indicates 200–300 km, the orange line indicates 300–400 km, and the yellow line indicates 400–500 km. Overall, the ratio of zombie firms in different distances decreased gradually before 2008, which is consistent with the trend reported in Figure 1. After 2008, however, the proportion of zombie firms in each group exhibited divergent trajectories. Specifically, the proportion of zombie firms in cities within 200 km increased and subsequently decreased after 2008, corresponding with the trend depicted in Figure 1, but the proportion of zombie firms in cities beyond 200 km decreased. In addition, before 2008, the proportion of zombie firms in cities more than 300 km was significantly greater than in cities less than 300 km. After 2008, the proportion of zombie firms in cities within 200 km was significantly greater than that in the other three groups of cities. This may be due to the fact that, as a result of the Financial Crisis, less developed cities located far from the economic center are unable to continue providing financial support for zombie firms, causing some zombie firms to withdraw from the market and thereby reducing the proportion of local zombie firms.
[image: Figure 2]FIGURE 2 | Proportion of zombie firms in different intervals from the economic center.
Third, the cross-industry features of zombie firms in this region are examined. Industries in the Yangtze River Delta Urban Agglomerations are divided according to the two-digit codes of the manufacturing industry. Based on the two-digit industry code, Table 1 presents the results of the three industries with the highest and lowest proportion of zombie firms. On the whole, the proportion of zombie firms in the Yangtze River Delta Urban Agglomerations from 2003 to 2013 was the highest in beverage manufacturing, production and supply of gas, and production and supply of water, which were all above 5.14%. In the production and supply of water industries, the proportion of zombie firms even approached 10%. This might be attributable to regional demand factors and employee protection legislation. The industries with the lowest proportion of zombie firms are tobacco processing, oil, and gas extraction, timber processing, and wood, bamboo, cane, palm, fiber, and straw product manufacturing, which are all below 3.1%. The tobacco processing industry has the lowest proportion of zombie firms among all these industries. This characteristic is also congruent with the real situation, since tobacco products, which are very in-demand and addictive, have a reasonably steady demand throughout the Yangtze River Delta and the entire nation. Therefore, it is difficult for tobacco-related businesses to go insolvent and lose productive vitality. In terms of industry dimension, zombie firms have obvious industry characteristics, which are consistent with the industrial characteristics of the Yangtze River Delta region, proving that disposing of zombie firms is an important measure to solve the problem of overcapacity.
TABLE 1 | The three industries with highest and lowest proportion of zombie firms.
[image: Table 1]Fourth, we analyze the ownership characteristics of zombie firms in the region from 2003–2013. Enterprises in the Yangtze River Delta Urban Agglomerations are divided into SOEs and non-SOEs according to their types of ownership. The proportion of zombie firms is calculated, respectively and the results are shown in Figure 3. From the proportion of the two types of enterprises in the total number of enterprises in the region, the share of state-owned zombie firms is much lower than that of non-state-owned zombie firms. Among them, the average proportion of state-owned zombie firms is only 0.17%, while the average proportion of non-state-owned zombie firms is 3.19%. From the perspective of time trend, similar to the trend depicted in Figure 1, the share of non-state-owned zombie firms had a fall followed by an increase. On the other hand, there is a progressive drop in the share of state-owned zombie firms, which may be tied to China’s state-owned enterprise reform.
[image: Figure 3]FIGURE 3 | Proportion of zombie firms of two types of ownership in total number of enterprises.
Finally, we analyze the scale characteristic of zombie firms in the Yangtze River Delta Urban Agglomerations. According to the Notice on Printing and Issuing Standards for Small and Medium-sized Enterprises6, all enterprises are divided into two groups based on the number of employees: SMEs and non-SMEs. Our data shows that the number of SMEs accounts for 97.3% of the total number of industrial enterprises in the Yangtze River Delta Urban Agglomerations. We also show the proportions of the two scales of zombie firms in Figure 4. As can be seen from the figure, the proportion of small and medium-sized zombie firms is significantly higher than that of non-small and medium-sized zombie firms. Specifically, small and medium-sized zombie firms accounted for 3.26% of all industrial enterprises on average, while non-small and medium-sized zombie firms accounted for only 0.1% of all industrial enterprises on average. From the perspective of time trend, the proportion of small and medium-sized zombie firms shows a fall followed by an increase, which is consistent with the trend reported in Figure 1. Although it can be seen from the figure that the proportion of non-small and medium-sized zombie enterprises is relatively stable, the specific data shows that its changing trend is consistent with the trend in Figure 1.
[image: Figure 4]FIGURE 4 | Proportion of zombie firms of two scales in total number of enterprises.
4 BENCHMARK MODEL AND EMPIRICAL RESULTS
4.1 Benchmark Model
The biggest feature of zombie firms is that they absorb a large amount of capital investment but cannot convert it into profits and output. The crowding of resources by inefficient enterprises means that other normal enterprises can get few resources. That is, the production activities of normal enterprises will be restricted, and investment expansion will be inhibited. Therefore, in the benchmark regression, we hope to verify whether the presence of zombie firms in the economically active Yangtze River Delta urban Agglomerations has squeezed out the investment of non-zombie firms. The specific measurement model settings are as follows:
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Where c is the city, i is the industry, f is the enterprise, and t is the year. The explained variable (i.e., the dependent variable of this paper) [image: image] is the main object of this paper. It represents enterprise investment and is measured by the log form of enterprise fixed assets. The independent variable [image: image] represents the degree of zombification of urban enterprises. This study uses the proportion of zombie firms weighted by debt in the city where the enterprise is located to measure it, and the coefficient [image: image] before the variable is used to reflect the impact of zombie firms on investment in non-zombie firms. [image: image], [image: image] and [image: image] are the year fixed effect, the city fixed effect, and the industry fixed effect. [image: image] is the error term.
In order to minimize the bias of empirical results, this paper selected multiple variables as control variables. The control variable [image: image] contains enterprise-level variables and city-level variables selected in this paper. The enterprise-level control variables are as follows: 1) Age of enterprises (Age), representing the establishment period of enterprises. 2) Return on total assets (Profitability), which represents the influence of enterprise profitability on enterprise investment. The city-level control variables are as follows: 1) The density of pollution emission (Pollute). Ecologically, the pollutants discharged by industrial enterprises into the environment are collectively referred to as “three wastes.” which contain information from three dimensions: gaseous, liquid, and solid (Sun et al., 2021, 2020). To consider the pollution information from the three dimensions comprehensively, this study adopts the entropy weighting method to reduce the dimensionality of the three indicators of industrial waste gas emissions, industrial wastewater emissions, and industrial waste solids emissions, and then takes the logarithm processing to obtain a composite indicator to evaluate the pollution emission density of the city.
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Where, [image: image] is the entropy weight of the pollutant j calculated by the entropy weight method, measured by the relative information utility of the dimension overall dimensions. [image: image] is the pollutant j after dimensionless treatment.
2) Population density (PD), measured by logarithmic form, represents the scale of the consumer market. 3) The proportion of the non-agricultural population (Urbanization), representing the degree of urbanization. 4) The GDP share of the tertiary industries (Structure), representing the industrial structure of each city. Adjustment and optimization of industrial structures may assist in industrial sustainable development. 5) Total credit/GDP (Credit). The credit scale represents the intensity of financial macro-control. 6) Local budget expenditure/GDP (Expenditure), representing the basic financial expenditure of the local government. 7) Total export-import volume/GDP (Trade), representing the trade openness of the city. 8) Foreign direct investment/GDP (FDI), representing the utilization of foreign capital. The descriptive statistical results of the main variables are shown in Table 2. Each variable has passed the test for multicollinearity. The results are shown in Table 3 below.
TABLE 2 | Descriptive statistics of main variables.
[image: Table 2]TABLE 3 | Results of the test for multicollinearity.
[image: Table 3]4.2 Empirical Results
In order to avoid endogenous problems as far as possible, we add a variety of control variables to the benchmark regression and use non-zombie firm samples for regression to reduce the impact of missing variables or reverse causal problems. The benchmark regression results are shown in Table 4. Columns (1) and (2) show the regression results of incorporating enterprise-level control variables and city-level control variables, respectively. The city fixed effect, industry fixed effect and year fixed effect are all controlled. Column (3) shows the results after adding all control variables and controlling only year fixed effect. Column (4) shows the results after adding all control variables and controlling city fixed effect, industry fixed effect, and year fixed effect. It can be seen from Table 4 that the proportion of urban zombie firms (weighted by debts) shows a significantly negative impact on the investment of local non-zombie enterprises in all regressions. That is, the greater the proportion of urban zombie firms, the less investment local non-zombie enterprises get. Column (4) of regression results shows that when the year, industry, city fixed effect, and other factors are controlled constant, the proportion of urban zombie firms increases by one percentage point, and the investment of non-zombie firms decreases by 22.9%. At the same time, the coefficient symbol before the variable representing the pollution emission density is the same as the coefficient symbol of the proportion of zombie firms (weighted by debts). Zombie firms tend to be concentrated in highly polluting industries, so the higher the pollution density, the more significant the extrusion effect of zombie firms on the investment of normal firms, which is in line with our expectations. The coefficient of foreign direct investment is significant and positive. To achieve its goal of stimulating the local economy, the government is likely to bring in large amounts of foreign investment. As a result, the injection of foreign capital can provide necessary funds for enterprises, thus promoting the development of enterprises.
TABLE 4 | The impact of zombie firms on private investment.
[image: Table 4]4.3 Robustness Test
This section tests the robustness of our results 1) by employing another alternative definition of enterprise investment; 2) by unifying the statistical caliber of the sample 3) by calculating the proportion of zombie firms under a different identification strategy; 4) by replacing the proportion of zombie firms with different weighting methods. Regarding the first test, an index is used to replace the original dependent variable. According to current accounting standards, the ratio of fixed assets to total assets can be regarded as a substitute variable for enterprise investment. Column (1) of Table 5 shows the regression results. Second, the statistical caliber of the samples was unified. As the statistical caliber of the Chinese Industrial Enterprises Database changed from main business revenue of over RMB five million to over RMB 20 million in 2011, we conducted robustness tests on a sample of all data with main business revenue of over RMB 20 million from 2003 to 2013. Column (2) of Table 5 shows the results after unifying the statistical caliber. Third, to identify zombie firms, another strategy is employed. According to the Theory of Corporate Lifecycles, the creation and expansion of an enterprise usually take place in a long-range cycle of 12 years. To this end, the identification strategy of zombie firms is changed. We use debt ratios higher than 70% and the age of enterprises greater than 12 to replace the original identification conditions, and recalculate the proportion of zombie firms (debt-weighted) to conduct robustness checks. The results are shown in Column (3) of Table 5. Fourth, the proportion of zombie firms weighed by assets is used to replace the debt-weighted ratio. The results are shown in Column (4) of Table 5. The coefficient symbols before the key variables representing the proportion of zombie enterprises and other control variables are completely consistent with the benchmark regression, which proves that our research results are held.
TABLE 5 | Regression results of robustness test.
[image: Table 5]4.4 Instrumental Variable Test
To avoid the endogeneity problems caused by omitted variables, we incorporated as many control variables as possible into the benchmark regression. However, reverse-causality problems may also result in endogenous bias. Using instrumental variables in regression is a typical method for addressing omitted variables and reverse-causality problems. To satisfy the correlation and exogeneity requirements of the instrumental variables, this paper refers to Nunn and Qian, constructs the instrumental variable as the proportion of SOEs in the current year multiplied by the national SOEs’ asset-liability ratio in the previous year, and employs the GMM method to address the endogeneity issue (Nunn and Qian, 2014). In particular, the asset-liability ratios of SOEs nationwide are from the Finance Yearbook of China. Table 6 displays the regression results for the instrumental variable method. The coefficient before the proportion of zombie firms is significantly negative. Meanwhile, the value of the Cragg-Donald Wald F Statistic is greater than the stock-Yogo weak ID test critical values at the 10% level, which proves that there is no weak instrumental variable problem. In other words, the benchmark regression result of this paper is still consistent after considering the endogeneity problem.
TABLE 6 | Regression results of instrumental variable method.
[image: Table 6]4.5 Heterogeneity Tests
At the pillar of the national economy, state-owned enterprises shoulder the important tasks of economic development and maintaining social fairness and stability, and they are always criticized for their privileges on bank loans, investment and financing, government subsidies, and so on (Dai et al., 2019). In other words, state-owned enterprises usually have a greater advantage in accessing resources than non-state-owned enterprises. Therefore, the proportion of state-owned enterprises weighted by total assets is used to represent the share of the urban state-owned economy and is categorized according to its mean value. Column (1) and Column (2) of Table 7 show the ownership structure differences of the benchmark regression. The results show that zombie firms have a significantly negative impact on enterprise investment in areas with a high proportion of state-owned economies, while zombie firms have no significant impact on enterprise investment in areas with a low proportion of state-owned economies, which is consistent with our prediction.
TABLE 7 | Regression results of heterogeneity tests.
[image: Table 7]To further demonstrate the locational differences in the impact of zombie firms on enterprise investment, we divided the 26 cities into a near-central group and a far-central group with a boundary of 300 km according to the distance grouping in Section 3.3. Column (3) and Column (4) of Table 7 show the regression results of locational differences. The effect of zombie firms on enterprise investment is significantly negative in cities close to the economic center, while it is not significant in cities far from the economic center. This may be due to the fact that Shanghai, as an economically developed first-tier city, has a certain radiation effect on neighboring cities. Therefore, the investment behavior of enterprises in cities closer to Shanghai will be more sensitive to the presence of zombie firms.
4.6 The Impact Mechanism of Zombie Firms on Enterprise Investment
4.6.1 Test for the Mechanism of Carbon Intensity Effect
As a developing country, China’s existing energy mix is highly dependent on fossil energy sources such as coal due to its limited level of economic development and therefore inevitably has high carbon emissions. At present, few studies have combined carbon emissions with the problem of zombie enterprises, but zombie firms are clearly related to carbon emissions. Therefore, this paper innovatively analyzes carbon emission intensity as one of the mechanisms by which zombie firms affect enterprise investment. This study first calculates the carbon dioxide emissions of each city by referring to the 2006 IPCC Guidelines for National Greenhouse Gas Inventories and then uses the logarithm of carbon emissions of prefecture-level cities to represent the carbon emission intensity. The regression results of the mediation effect model show that the coefficients before carbon emission and investment are all significant, which proves that there is a partial mediation effect of carbon emission. In Column (3) of Table 8, the opposite signs of the coefficients before zombie firms and carbon emission indicate a suppressing effect of carbon emission. This may be due to the fact that zombie firms are usually concentrated in highly polluting manufacturing industries, and their presence exacerbates carbon emission intensity. Enterprises are increasing their investment in energy conservation and emission reduction to meet national policies, which in turn hinders normal investment behavior.
TABLE 8 | Regression results of carbon intensity effect.
[image: Table 8]4.6.2 Test for the Mechanism of Competitive Weakening Effect
Zombie firms absorb large amounts of resources but fail to generate corresponding economic benefits, so their existence disrupts normal market competition. This paper takes the Herfindahl Index as the degree of competition in the market, based on the sales of double-digit industries. The regression results in Table 9 show that the competitive weakening effect is one of the mechanisms that leads to a disincentive effect of zombie firms on business investment. Zombie firms, as low-efficiency enterprises that should have withdrawn from the market but survive for various reasons, weaken the normal market competition and make high-quality enterprises unable to occupy the market, thus affecting the investment behavior of enterprises.
TABLE 9 | Regression results of competitive weakening effect.
[image: Table 9]CONCLUSION AND DISCUSSION
This study reveals that even in the economically developed region such as the Yangtze River Delta Urban Agglomerations, zombie firms still exist. In this region, the share of small and medium-sized zombie firms is much higher than that of non-small and medium-sized zombie firms. From 2003 to 2013, although zombie firms accounted for a relatively low proportion in the region, the negative impact on normal enterprises was very obvious, which significantly squeezed out the investment of non-zombie enterprises. Even after considering multiple control variables, robustness checks, and endogeneity problems, the results are still hold. In addition, our study considers, for the first time, the association of zombie firms with the green economy. Not only do we build pollution emission intensity indicators as control variables using the entropy method in the benchmark regression, but we also include carbon emission indicators in the mechanism analysis, innovatively viewing zombie firms as a link between the economy and the environment. Therefore, accurately identifying zombie firms and properly dealing with zombie firms can help improve the investment level of enterprises, optimize the efficiency of resource allocation, and promote the sustainable development of regional economy. Accordingly, the government and academia should start working on several aspects at the same time to promote the solution for zombie firms.
At present, there is still no accurate identification method for zombie firms, so it is still a problem worthy of continuous attention. It is not appropriate to use the “government hand” to define the standard in actual zombie firm treatment measures, forcing enterprises to withdraw from the market. We need to combine the actual situation in China and the data characteristics of the database to explore a more practical and accurate identification method based on the existing identification methods of zombie firms. Accurate identification of zombie firms is not only helpful to the accuracy of theoretical research results but also helps with the implementation of relevant government policies. The research of this paper has also made a new attempt on the identification method of zombie firms, but obviously, this identification method also has some shortcomings, so a more stable identification method is also one of the future research directions of this paper.
The government also needs to consider two aspects when formulating relevant policies. On the one hand, existing studies have pointed out that banks are unwilling to generate bad debts under certain regulatory standards, which may be one of the causes of zombie firms, but the core issue may be that the government has too strong intervention ability in resource allocation. Under the special political system of China, government policy favoring state-owned enterprises has always existed in the past. Therefore, the market-oriented reform of state-owned enterprises and financial system should be promoted at the national level, and the policy direction should be adjusted to block the formation of zombie firms. On the other hand, zombie firms cannot be disposed quickly and smoothly, which may have become an important factor affecting the conversion of old and new kinetic energy in China. The enterprises that have lost their competitiveness cannot be withdrawn, and new enterprises are difficult to form and develop. Even in economically developed areas like the Yangtze River Delta Urban Agglomerations, cities far from the economic center are often places with excess capacity and concentration of zombie enterprises. The extrusion effect of zombie firms on private investment of normal enterprises found in this paper provides empirical evidence for this observation. Therefore, while implementing the policy of “market mechanism plays a decisive role in resource allocation,” existing zombie firms must be disposed of by classification. The government can start from two directions: enterprise-scale and enterprise condition. First of all, it is necessary to distinguish scale and adopt different disposal methods according to the characteristics of zombie firms with different scales. In addition, a distinction should be made between enterprises that have the potential to “revive” and those that must exit the market. Some zombie firms are only temporarily suffering from operational difficulties, and market-oriented acquisition and merger, debt-equity swaps, and other means can be adopted to help them out of short-term difficulties. For those zombie firms that continue to suffer losses and do not conform to the direction of industrial restructuring, liquidation and bankruptcy should be carried out as soon as possible.
Our recommendations for future research can be divided into several directions. First, the pollution emission density and carbon emission intensity indices involved in this paper show that the existence of zombie firms not only has a direct impact on the economy but is also closely related to environmental issues, which in turn affect the sustainable development of the region. However, there are few studies that specifically consider this topic. Therefore, the zombie firm problem can be linked with the green economy problem in future studies, and its findings will aid in promoting the growth of an environmentally friendly economy. Second, a more accurate zombie firm identification method suitable for the Chinese Industrial Enterprises Database is also a research direction worthy of further discussion. The influence of cyclical factors and enterprises’ factors should be further distinguished. Due to the influence of industrial policies and economic cycles, enterprises with the leading profitability in the industry may also receive credit subsidies or suffer from operational problems. When the economic cycle turns better, these enterprises can get out of their difficulties by themselves and therefore should not be considered as zombie firms. It is also suggested that further investigations should eliminate the enterprises in the top 5% or top 10% of ROA in each industry according to the industry classification standards of the CSRC to verify whether zombie firms still have a significant negative impact on non-zombie enterprises in the Yangtze River Delta after eliminating the impact of cyclical factors. Third, the Guangdong-Hong Kong-Macao Greater Bay Area, Beijing-Tianjin-Hebei Region, Chengdu-Chongqing Economic Circle, and the three provinces of the northeast are all important economic regions in China. Consequently, in a future study, it will be necessary to evaluate the distribution characteristics of zombie firms in regions with various economic characteristics and discuss their impact on local non-zombie firms.
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FOOTNOTES
1The standard of above scale has changed. Specifically, the standard before 2011 was more than five million yuan of main business income, and after 2011 changed to more than 20 million yuan of main business income
2The national economic industry classification was revised in 2002 and 2011. Combined with GB/T 4754–1994 national economic industry and code and GB/T4754-2002 national economic industry and code, this paper unified the four-digit industry classification of national economy
3China began to implement the subscription system of registered capital in 2014, allowing registered capital to be gradually in place in several years. The paid-in capital system before 2014 requires the registered capital to be in place once in the current period. This paper selects the data from 2003–2013, so the paid-in capital shall not be less than or equal to 0
4China defines industrial enterprises with fewer than 20 employees as small and micro enterprises
5Two different cities with the same pronunciation, distinguished by a four-digit city code
6The standard was issued in 2011 to replace Measures on the Classification of Large, Small and Medium-sized Enterprises in Statistics (Interim) issued by the National Bureau of Statistics in 2003
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With the development of the economy and society, environmental pollution and resource waste problems are emerging, especially in agricultural production, and the adoption of ecological agricultural technologies is a prerequisite to alleviate ecological pressure. Based on the Technology Acceptance Model—Theory of Planned Behavior (TAM-TPB) and using research data from Hubei, Hunan, and Anhui provinces, this paper empirically analyzes the factors influencing farmers’ intention to adopt rice and shrimp crop technologies using the PLS-SEM method. The configuration path of high technology intention was further investigated by the fsQCA method. The results showed that: 1) farmers’ intention to adopt rice-shrimp crop technology was mainly positively influenced by behavioral attitude, subjective norm, perceived behavioral control, behavioral attitude; 2) Perceived usefulness and perceived ease of use had a direct effect on farmers’ intention to adopt and an indirect effect with behavioral attitude as a mediating variable, while perceived ease of use had a positive effect and perceived usefulness did not. In doing so, four configuration paths of high technology acceptance intention were obtained. Given this, this paper makes relevant suggestions, suggesting that the relevant departments focus on the comprehensive benefits of rice-shrimp crop technology; agricultural technology departments provide technical assistance to farmers, and village committees organize regular inter-farmer exchanges.
Keywords: Ecological agricultural technology (EAT)1, TAM-TPB framework2, fsQCA3, Intention to adopt4, China5
1 INTRODUCTION
The rapidly developing ecological farming industry in recent years has caused serious threats to the ecological environment and public health and safety (Xue et al., 2021), while ensuring a stable supply of waterfowl products in domestic and international markets and promoting farmers’ income growth (Li et al., 2021; Zhang et al., 2022). The modern ecological agriculture technology (EAT) of resourceful recycling of waterfowl waste is an effective measure to achieve economic, ecological and social benefits (Huang, 2021; Spanaki et al., 2022). Innovations in new technologies or innovative use of technologies can better mitigate or address global energy, environmental and other carbon emissions (Sun et al., 2021b), especially in rural areas that lack adequate infrastructure and manpower (Sun et al., 2021a). For this reason, governments have been actively promoting ecological agriculture to improve environmental quality (de Lima Vieira et al., 2021). For example, Iran is actively promoting integrated pest management technology to protect agricultural production (Rezaei et al., 2019), the United States is carrying out the construction of eco-farms to reduce environmental pollution (Floress et al., 2017), and China is also vigorously promoting eco-agriculture technology, but has not yet achieved the expected results. The results of available studies show that farmers’ awareness of eco-agriculture technology is low and fewer farmers adopt eco-agriculture technology. What is the motivation of farmers, as the main adopters of ecological agricultural technologies? How does intention arise? What are the factors that enhance (or hinder) the formation of willingness? The answers to these questions will help the government to formulate reasonable policies and incentives to increase farmers’ motivation to adopt agroecological technologies.
Existing studies on the factors influencing the adoption of EAT by farmers have found that farmers’ intention to adopt is influenced by a combination of subjective and objective factors. Objective factors include social learning and social networks, socioeconomic factors, price factors, immediate conditions and social climate, green technology adoption risks and government regulation, the share of farmers’ income in total household income and economic benefits of ecological production technologies, technological environment, plot elements and access to raw materials (Connor et al., 2021; Li et al., 2021; Ruzzante et al., 2021; Sapbamrer and Thammachai, 2021; Shang et al., 2021; Wang et al., 2021). The subjective factors are ecological compensation perception and ecological environment perception, ecological compensation intention, environmental crisis awareness, ecological environment improvement effect, and ecological environment policy perception (Savari et al., 2021; Tama et al., 2021). The above literature combines the subjective and objective factors that affect farmers’ intention to adopt, but less often combines the two theories to study the relationship between the subjective and objective factors and the impact on farmers’ intention.
Regarding the study’s theoretical basis, some scholars have studied farmers’ intention to adopt from the theory of planned behavior (TPB), technology acceptance model (TAM), or a combination of both (Adnan et al., 2019; Ataei et al., 2021; Bakker et al., 2021; Damalas, 2021; Nguyen et al., 2021). Some studies suggest that the behavioral attitudes (BA), subjective norms (SN) and perceptual behavioral control (PBC) in the TPB directly and significantly affect the intention to produce ecologically, while others suggest that the above factors indirectly affect farmers’ intention through influencing their perceptions and moderated by environmental regulations; perceived usefulness (PU), perceived ease of use (PEOU) and SN are the key factors affecting farmers’ intention to adopt, and the effect of PU on farmers with different endowments is There is no difference in PEOU, but some scholars believe that PU significantly affects farmers’ intention, and the effect of PEOU is not significant. Thus, it can be seen that there are different conclusions based on the TAM and TPB for the analysis of the influence of farmers’ intention, i.e., whether there is a direct or indirect influence of the same factor on farmers’ intention and whether its influence is significant are controversial.
In summary, the research results on the factors influencing farmers’ intention to adopt EAT are extensive and have important implications for improving the adoption mechanism of farmers’ rice and shrimp crop technologies, but there is still some room for progress: first, from the theoretical basis of the study, TPB studies the formation of a behavioral intention, while TAM measures the influencing factors of farmers’ acceptance of new technologies, which is a very flexible system. For the accuracy of the analysis, this paper combines the two and extends the variables horizontally to analyze the detailed link between farmers’ behavioral intention and the influencing factors of accepting new technologies, and then distinguishes the direct and indirect influencing effects of intention to adopt. Second, in terms of the object of study, few studies have applied TAM-TPB to the study and analysis of farmers’ rice-shrimp crop technology, which is an element of agroecological technology that is receiving increasing attention. Therefore, based on the research data from Anhui, Hubei, and Hunan provinces in 2020–2021, this paper combines TAM and TPB from a social psychological perspective and uses partial least squares structural equation modeling (PLS-SEM) to analyze the research data, focusing on the influence of subjective factors on farmers’ intention to adopt rice-shrimp coppicing technology. In doing so, the configuration path of high technology intention was further investigated by the fsQCA method.
2 THEORETICAL ANALYSIS AND HYPOTHESIS
2.1 Theory of Planned Behavior-Based Analysis of Farmers’ Intention to Adopt
TPB is a theory by Ajzen (1991) based on rational behavior theory and multi-attribute attitude theory to add human perceptual control over behavior results, which studies how people change their behavior patterns and believes that human behavior is the result of thoughtful planning and intention indirectly affects behavior, mainly including SN, BA, perceptual behavior control, behavioral intention, and behavior results. TPB has a good openness, and the introduction of other variables that have a significant impact on intention can further enhance the explanatory strength of the model based on the traditional model. For example, Bamberg’s study demonstrated that past behaviors can influence individuals’ intention to perform similar behaviors (Bamberg et al., 2003), and Conner further pointed out that the inclusion of past behaviors in TPB increased the explanatory strength of intention by 7% (Conner and Armitage, 1998). Drawing on these findings, this study extends the traditional TPB to explore how the inclusion of past habits will affect individual attitudes, perceived behavioral control, and intention formation.
Subjective norms (SN) are the pressures felt by individuals to perform or not perform a behavior, and this pressure comes primarily from individuals or groups that have influence over their behavioral decisions. In other words, individuals usually prefer to align themselves with the expectations of the reference group. In general, the more positive the individual or group with whom the individual is close to perform a behavior, the more willing the individual is to perform the behavior; conversely, the less willing the individual is to perform the behavior (Lynne et al., 1995). Cook et al. (2021) showed that social expectations from family, friends, or important colleagues, for example, had a significant positive effect on farmers’ behavioral intentions to reduce fertilizer application. This was also confirmed by Arli et al. (2018) in their study on green product purchase intentions. In the practice of agroecological technologies, the adoption of agroecological technologies by village officials and relatives and friends may have a demonstration effect due to farmers’ own knowledge and judgment, which in turn may increase farmers’ willingness to adopt agroecological technologies (Bayes and Druckman, 2021). Therefore, it is hypothesized:
HYPOTHESIS H1. SN has a significant positive effect on farmers’ intention to adopt EAT, and the stronger the influence of SN, the more likely farmers will be an intention to adopt.Attitude refers to an individual’s perception and evaluation of whether it is favorable or unfavorable to perform a particular behavior. Generally, if farmers have higher awareness and more positive evaluation of ecological farming technologies, their willingness to adopt ecological farming models will be higher; conversely, their subjective willingness to adopt ecological farming models will be lower (Vu et al., 2022). A study by Rezaei et al. (2019) showed that farmers’ attitudes and perceptions of integrated pest management technologies are the most important factors influencing technology adoption. Floress et al. (2017) found that farmers’ perceptions significantly increased the willingness to adopt abatement technologies, and that each unit increase in perceived ability contributed 25.5% to low-carbon technology adoption. Theoretically, the application of eco-agricultural technologies can not only achieve comprehensive and effective use of resources, reduce environmental pollution, and generate ecological benefits, but also produce pollution-free and high-quality green products, which bring economic benefits to farmers. Therefore, when farmers perceive that EAT are useful and can bring positive results, they will have a higher willingness to adopt them. Therefore, it is hypothesized:
HYPOTHESIS H2. BA has a significant positive effect on farmers’ intention to adopt EAT, i.e., the more positive BA, the more likely farmers are to adopt the technology.PBC refers to the ease with which individuals can master resources and is often influenced by condition assessment and perceived ability (Adnan et al., 2018). Farmers’ intention to adopt rice-shrimp crop technology is limited by their conditions and the abundance of resources. From the perspective of condition assessment, farmers often need certain human resources to adopt rice-shrimp crop technology. Before forming the intention to adopt, farmers will self-assess the adequacy of household labor, to measure whether they can divest part of their surplus labor to engage in rice-shrimp crop technology based on existing agricultural production, which ensures that they can engage in new products based on gaining previous agricultural production to reduce the risk of uncertainty and loss. Therefore, the more abundant the household labor force is, the more likely it is to divest a certain amount of labor to try out the new technology, and the stronger its intention to adopt it. From the perspective of ability perception, before making behavioral decisions, individuals perceive their ability and compare it with the ability required to learn the new technology, and only when the ability is higher than the ability required to learn the technology will they be an intention to adopt it. The riskiness of new technology directly affects the ability and resourcefulness required to master the technology. Therefore, it is hypothesized:
HYPOTHESIS H3. PBC has a significant positive effect on farmers’ intention to adopt EAT, and the stronger the PBC, the more likely farmers are to adopt it.
2.2 Analysis of Farmers’ Intention to Adopt Technology Acceptance Model and Technology Acceptance Model—Theory of Planned Behavior Based on TAM
TAM emphasizes that intention influences behavior and intention is influenced by attitude, but Davis proposes the concepts of PU and PEOU and argues that PU and PEOU not only directly influence intention but also influence attitude and indirectly influence intention through attitude (Lee et al., 2003).
PU refers to the number of dividends that an individual believes can be brought to him or her by adopting a certain behavior. Before farmers are intending to adopt rice-shrimp crop technology, they will measure the expected benefits and value of the technology to measure whether the technology is useful for them. The expectation theory shows that when the benefits of adopting the technology are greater than the costs, meaning that the farmer can get economic satisfaction from the technology, then the technology is useful for the farmer, otherwise, it is useless (Suvedi et al., 2017). If farmers perceive that the benefits of the technology are expected to be high enough, they will subjectively form the idea that the technology is worth trying and can bring them the incentives they need to grow and develop, and they will be an intention to adopt it, so PU will have a direct impact on farmers’ intention to adopt it.
When individuals perceive that implementing a behavior is useful and brings resources to their development, they will investigate and learn more to determine whether they should implement the behavior (Atkins et al., 2017). When farmers learn more about the benefits of rice-shrimp crop technology, they find the technology promising and develop a positive attitude toward it. Based on the previous analysis, this positive behavioral attitude will lead to the intention to adopt, so the PU will have a direct impact on farmers’ behavioral attitude, and indirectly affect the intention to adopt through the influence of attitude. Therefore, it is hypothesized:
HYPOTHESIS H4. PU positively and significantly affects farmers’ intention to adopt, and the greater the PU, the stronger farmers’ intention to adopt.
HYPOTHESIS H5. PU indirectly affects farmers’ intention to adopt by using BA as a mediating variable, and the greater the PU, the more positive behavioral attitude, the stronger farmers’ intention to adopt.PEOU refers to how easy an individual perceives it is to perform a behavior; the easier an individual perceives a technique to be to master, the more likely they are to adopt that behavior. Based on traditional smallholder theory, most people tend to try simpler technologies than more complex ones, which is close to the conservative mentality. Therefore, the simpler and easier farmers perceive the technology of rice and shrimp farming, the more confident they will be in mastering the technology and the more likely they are to adopt it, so the PEOU has a direct impact on farmers’ intention to adopt it.In addition, from the input side, the high difficulty of mastering the technology means that farmers have to take risks and pay more costs to learn the technology, while on the contrary, the costs are relatively low, and farmers are likely to have an initial positive BA, thus inducing them to learn more about the technology and make adoption decisions. In terms of benefits, farmers try new technology to gain more benefits. The simplicity of the technology means that farmers are more sure of mastering the technology and gaining the dividends of the technology, forming positive BA, and then giving more knowledge and examination to the technology, which finally influences farmers’ adoption decisions. Based on the previous analysis, PEOU affects farmers’ BA, and BA affects farmers’ intention to adopt. Therefore, PEOU will indirectly influence farmers’ adoption intention through BA. Therefore, it is hypothesized:
HYPOTHESIS H6. PEOU positively and significantly affects farmers’ adoption intention, and the stronger the PEOU, the stronger farmers’ adoption intention.
HYPOTHESIS H7. PEOU indirectly affects farmers’ adoption intention by BA as a mediating variable, and the greater the PU, the more positive the behavioral attitude, the stronger farmers’ adoption intention.
2.3 Theoretical Integration and Framework Construction
Related studies have shown that behavioral decisions are the result of a combination of individual consideration of their cognition, environmental factors, and expected effects (Ji et al., 2019). Both TPB and TAM are derived from the Theory of Rational Behavior, which creates a basis for the integration of the two analyses. PU and PEOU in TAM are only some of the components of farmers’ awareness, but farmers’ awareness is the main force that influences their BA, so PU and PEOU have an impact on farmers’ attitudes, which in turn, work together to influence farmers’ intention to adopt. It has been shown that the combination of TPB and TAM is more reasonable and scientific than analyzing TPB or TAM alone (Chih Chung, 2013; Hossain et al., 2019), so this paper combines TAM and TPB and proposes the following theoretical framework (Figure 1).
[image: Figure 1]FIGURE 1 | Research model-the relationship and impact of intention to adopt EAT in farmers.
3 METHODOLOGY
3.1 Sample
The data for this paper come from a questionnaire survey conducted by the research team in Anhui, Hubei, and Hunan provinces in 2020–2021, and the research program uses a combination of stratified and random sampling to select the sample farmers. The first stage targeted the central grain-producing regions, i.e., sample counties were selected in the three provinces in the middle and lower reaches of the Yangtze River according to factors such as paddy grain and geographical location; the second stage aimed to find townships with large grain production with the help of relevant agricultural departments in the sample counties; the third stage was to find typical farmers in the selected townships. Finally, Changfeng, Huoqiu, and Quanjiao counties in Anhui province, Chibi, Xianning, Qianjiang, and Huanggang cities in Hubei province, and Anxiang, Linxiang, and Yiyang cities in Hunan province were selected as the sample areas. The group selected these study areas because, first, Hubei, Hunan, and Anhui provinces are located in the middle and lower reaches of the Yangtze River, which is rich in water and fertile soil and is an important food producer in China, providing space for the development of rice-shrimp crop technology; second, according to previous research findings, rice-shrimp crop technology is more mature in the region and the sample data are more representative. The content of this survey focused on the technical sources and communication, agricultural inputs and outputs, and ecological production behavior of rice-shrimp crop households. A total of 425 questionnaires were obtained, and after eliminating invalid samples, 295 valid samples were obtained, with an effective rate of 69%.
3.2 Survey Design
A questionnaire was designed, including 1) demographic characteristics; 2) evaluation of EAT adoption predictors; and 3) evaluation of EAT adoption implications. Each construct was measured using a validated research instrument developed by previous studies (modified to fit the research context) and based on the literature review findings and the theoretical foundation. A seven-point Likert scale was used to overcome measurement errors. The Likert scale ranges from “strongly disagree” (i.e., 1) to “strongly agree” (i.e., 7). Supplementary Table S1 in the Appendix Survey items describes the used survey items.
3.3 Data Analysis Technique
1. Potential biases were considered in the survey, protocol design, and data analysis. Several approaches (e.g. direct contact by phone and assurance to share the results) were adopted to ensure the highest response rate and avoid a non-response bias (Frohlich and Westbrook, 2002). To test the research model and answer our research questions, we used both PLS-SEM and fsQCA. SmartPLS3.0 and fsQCA3.0 were used for the analyzes. The partial least squares structural equation (PLS-SEM) was chosen for the study method, and the specific reasons for using this method are as follows (Hair et al., 2019): 1) when the analysis is concerned with testing a theoretical framework from a prediction perspective; 2) when the structural model is complex and includes many constructs, indicators and/or model relationships; 3) when the research objective is to better understand increasing complexity by exploring theoretical extensions of established theories (exploratory research for theory development); 4) when the research is based on secondary/archival data, which may lack a comprehensive substantiation on the grounds of measurement theory; 5) when a small population restricts the sample size (e.g., business-to-business research); but PLS-SEM also works very well with large sample sizes. This technique has been adopted because this process gives better results in the analysis of this type of exploratory study. This process can also analyze those data that are not normally distributed (Hair et al., 2012). This technique does not impose any sample restriction to conduct the survey. This process involves the quantification of responses on a specific scale. The fsQCA analysis follows the configuration theory paradigm, which enables the examination of holistic interplays between elements of a messy and non-linear nature.
4 ANALYSIS RESULT
The results of the measurement (based on confirmatory factor analysis) and structural (based on bootstrapping) models and fsQCA are reported in the following sections.
4.1 Measurement Models: Constructs Validity and Reliability
The reflective constructs were validated by testing internal consistency, composite reliability, convergent, and discriminant validity (Table 1). To verify the internal consistency and composite reliability of the constructs, we verified that the value of Cronbach s alpha and composite reliability indices exceeded 0.7 (Hair et al., 2011). This condition was valid for all the constructs. To test convergent validity, we verified that the average variance extracted (AVE) index was greater than 0.5. The lowest observed value (0.597) was substantially higher than this threshold. The discriminant validity of the reflective constructs was tested in three ways (Fornell and Larcker, 1981). The correlation matrix proved that the AVE was greater than the square correlation between each pair of latent constructs. These results suggest the validity of the reflective constructs used in our analysis and the adequacy of the items used as construct indicators.
TABLE 1 | Construct consistency, reliability, convergent and discriminant validity squared value of the AVE reported on the main diagonal of the correlation matrix.
[image: Table 1]4.2 Structural Model: Hypotheses Testing
Table 2 shows the results of the structural model from the PLS analysis, including standardized path coefficients with two-tailed t-tests for the hypotheses and the posthoc tests for testing the mediation effect of BA.
TABLE 2 | Results of hypothesis testing.
[image: Table 2]The results partially confirm the hypotheses proposed by the research model (Figure 1). The path analysis confirms that SN (H1: β = 0.251, p < 0.001), BA (H2: β = 0.106, p < 0.05), PBC (H3: β = 0.172, p < 0.05), PU (H4: β = 0.154, p < 0.001) and PEOU (H5: β = 0.297, p < 0.001) all positively impact IAE. Although both PU (β = 0.115, p < 0.05) and PEOU (β = 0.497, p < 0.001) positively impact BA, the mediation effect is present only for the case of PEOU, as the post-hoc test for the indirect effect is statistically significant for the path PEOU not for the path PU→BA→IAE (β = 0.012, p > 0.05), but PEOU→BA→IAE (β = 0.053, p < 0.05).
The structural model explained a variance rate of 0.31 for BA and 0.595 for SCA. These values can be considered as the predictive accuracy of the models between moderate and strong (Hair et al., 2019). The analysis of the composite-based standardized root means square residual (SRMR) yielded a value of 0.042, below the 0.10 threshold, which confirms the robustness of the model (Henseler et al., 2015).
4.3 Fuzzy-Set Qualitative Comparative Analysis (fsQCA)
First, we need to calibrate the data before we can start fsQCA analysis. Membership ranges from 0 to 1 (Fiss, 2011), where one represents a Full membership, 0 represents a complete non-membership, and 0.5 represents the vaguest crossover point. This study follows the studies of Greckhamer (2016), Delmas and Pekovic (2018), using membership values of 0.95, 0.5, and 0.05 of the results and conditions to determine the complete membership points, intersection points, and complete non-membership points. The original data is converted into the fuzzy score by Calibrate formula. It is useful to check necessary and sufficient conditions before performing truth table analysis of fuzzy sets. The results in table 3 show that the adequacy consistency rate and necessity coverage rate of each antecedent condition is lower than the identification standard of 0.9, that is, a single antecedent condition does not constitute a sufficient and necessary condition for IAE, which means that the influence of condition configuration on IAE needs to be investigated.
TABLE 3 | Test the necessity and sufficiency of conditional variables.
[image: Table 3]Second, we then performed a sufficiency analysis using the fsQCA algorithm to produce the truth table (Ragin, 2014). To avoid including less significant configurations, a five-observation frequency threshold was adopted, which caused the exclusion of thirty-four cases in the sample. Our analysis produced four possible solutions leading to a high level of IAE. The complex solution is the solution without any simplification, so there may be multiple paths, which is not conducive to the subsequent path analysis; the parsimonious solution may ignore the necessary conditions that lead to the result; the intermediate solution is the solution between the complex solution and the parsimonious solution, most scholars prefer to use the intermediate solution for the path analysis, and the intermediate solution is also used for the path analysis in this study. According to the operation results of fsQCA 3.0 software shown in Table 4, Our analysis produced four possible solutions leading to a high level of IAE., and the overall solution coverage reaches 0.737, indicating that the coverage rate of the four configurations has a high explanatory power to the results.
TABLE 4 | Configuration for high IAE.
[image: Table 4]Solution 1, with high levels of ∼PU, SN, BA, and PBC, had the lowest consistency (0.912) and explained the lowest number of cases (coverage = 0.406). It had the highest unique coverage (0.109), indicating that the combination of high levels of SN, BA, and PBC mostly contributed to high levels of IAE in the absence of PU compared to all other solutions.
Solution 2, with high levels of PU, PEOU, SN, and BA, had the lowest unique coverage (0.031) and explained the lower number of cases (coverage = 0.538). It had the higher Consistency (0.938), indicating that the combination of high levels of PU, PEOU, SN, and BA mostly contributed to high levels of IAE compared to all other solutions.
Solution 3, with high levels of PU, PEOU, SN, and PBC had the highest consistency (0.945) and explained the highest number of cases (coverage = 0.558). It also had higher unique coverage (0.051), indicating that the combination of high levels of PU, PEOU, SN, and PBC mostly contributed to high levels of IAE compared to all other solutions.
Solution 4, with high levels of PU, PEOU, BA, and PBC had the higher consistency (0.938) and explained the higher number of cases (coverage = 0.546). It also had higher unique coverage (0.039), indicating that the combination of high levels of PU, PEOU, BA, and PBC mostly contributed to high levels of IAE compared to all other solutions.
The combination of perceived usefulness and perceived ease of use in TAM and any other two factors in TPB can constitute a path to high IAE for farmers, as found by path comparison combinations 2–4. When farmers perceive EAT to be useless, the path to high IAE can only be strengthened by the three factors in TPB, regardless of whether EAT is easy or not. Therefore, the TAM and TPB frameworks constructed in this study can mutually promote high IAE. The comparative analysis reveals that the formation of high IAE in the context of green agriculture is caused by multiple different antecedent condition configurations, and whether a single causal condition exists in a particular configuration depends on other causal conditions. In addition, each pathway often does not exist in isolation, and different equivalent causal chains are complementary and alternate.
5 CONCLUSION
Based on the extended TAM-TPB integrated analysis framework, PLS-SEM and fsQCA were used to analyze the influence mechanism of agroecological technology adoption willingness from two perspectives of technology acceptance-planning behavior and configuration influence, and the following main findings were obtained.
Firstly, by integrating TAM and TPB into a unified analytical framework, we explained the formation mechanism of farmers’ willingness to adopt agroecological technologies from the dual perspectives of farmers’ technology acceptance and technology adoption behavior, and found that the formation of farmers’ willingness to adopt agroecological technologies is influenced by the dual motives of technology ease of use and technology usefulness, and that ease of use indirectly influences farmers’ attitude toward using and thus their willingness to use.
Secondly, in TPB, attitudes, perceived behavioral control, and subjective norms all have positive effects on farmers’ willingness to adopt agroecological technologies, but there are differences in the magnitude of their effects, with subjective norms having the greatest effect on willingness and perceived behavioral control having a higher effect than attitudes.
Thirdly, the fsQCA study identified four pathways that generate high willingness to adopt agroecological technologies. Also, it was demonstrated that perceived usefulness, perceived ease of use, subjective norms, perceived behavioral control, and attitudes have a direct effect on willingness to adopt technology.
6 DISCUSSION AND IMPLICATIONS
6.1 Discussion of the Analysis Results
Drawing on TAM and TPB, this study proposes a research model in which BA mediates the effect of PEOU on IAE, thus contributing to the understanding of the feasibility of the technology to develop green agriculture (Balafoutis et al., 2020). Therefore, we propose seven hypotheses, including five direct effects, namely SN on IAE, BA on IAE, PBC on IAE, PU on IAE, and PEOU on IAE. Similarly, we assume that PPU and PEOU have two indirect effects on IAE through BA. In addition to PLS-SEM analysis, we applied fsQCA to investigate how the antecedents of IAE (PU, PEOU, SN, BA, PBC) contribute to IAE. The findings of PLS-SEM and fsQCA emphasize that farmers’ external technical awareness (TAM) and internal use understanding (TPB) of EAT, and are alternative and complementary to each other.
The results show that SN positively influences IAE, thus supporting Hypothesis H1. This signifies that the more farmers perceive that they can master the technology, the easier they perceive it to be to use, and the more intention they are to adopt it. On the one hand, the population in rural areas of China has a strong sense of kinship and neighborhood ties, so mutual communication and observational learning can form a certain group perception, which can reduce the difficulty and risk uncertainty of technical mastery and generate intra-group compliance motivation. On the other hand, communication among farmers and relatives, and friends in the village can bring each other a sense of pleasure in communication, which can generate a sense of self-efficacy and enhance the intention to adopt.
The results show that BA positively influences IAE, thus supporting Hypothesis H2. The more farmers understand the technology, the more positive their attitudes, the stronger their behavioral attitudes, the more likely they are to adopt it. The behavioral attitudes of farmers towards rice and shrimp crop technology include the evaluation of the economic, ecological, and social aspects, and only based on sufficient understanding of the technology, they can form a rational understanding and make an objective and comprehensive evaluation, thus forming a strong belief in the results. Even though the technology is profitable, farmers will not try things they do not understand, and their attitudes towards things they do not understand tend to be ignorant or negative.
The results show that PBC positively influences IAE, thus supporting Hypothesis H3. The more positive the farmers’ condition assessment, the stronger their perceived ability, the stronger their perceptual behavior control, and the stronger their intentions to adopt. For farmers who depend on land for their livelihood, the most important resource is land, the direct condition for maximizing the allocation of land resources is the labor force itself, and one of the subjective influences on how to use land resources is the farmers’ risk perception. One of the subjective influences that determine how land resources are used is farmers’ perception of risk. Risk is often accompanied by reward, and only when these conditions are present will farmers’ perceived behavioral control be stronger and their intentions to adopt be enhanced.
The results show that PU positively influences IAE, thus supporting Hypothesis H4. The higher the perceived benefits of the technology, the stronger the perceived usefulness, and the stronger the intention to adopt it. In recent years, the government has been increasing its efforts to promote the ecological agriculture technology of rice and shrimp farming, so that farmers feel the great benefits of this technology and form a sense of recognition, and their perceived usefulness is also greatly improved, and the stronger the perceived usefulness of farmers, the stronger their intention to adopt it.
The results show that PEOU positively influences IAE, thus supporting Hypothesis H5. The more farmers perceive themselves to be able to master the technology, the stronger the perceived ease of use, and the stronger their intentions to adopt it. Since rice-shrimp farming technology is subject to high natural risks, it requires farmers to have certain farming and cultivation experience. When farmers believe that they can fully master rice-shrimp farming technology or receive technical support, the greater the perceived ease of use, the higher the intention to adopt it.
Hypothesis H6 was not validated. When farmers believe that the technology has benefits, they will be influenced by other farmers’ evaluations of the technology and become anxious and skeptical, which will have a negative impact on the farmers’ behavior and attitude toward IAE.
Hypothesis H7 was validated. Due to curiosity, when farmers perceive that the technology is easy to master, they will learn more about the technology and thus have an impact on behavioral attitudes, which in the previous analysis had a significant positive effect on the intention to adopt. Based on the above analysis, perceived ease of use has an indirect effect on the intention to adopt and has a direct effect on behavioral attitude with behavioral attitude as a mediating variable. Perceived usefulness does not have an indirect effect.
More specifically, we applied fsQCA to gauge the combinatory conditions by which PU, PEOU, SN, BA, and PBC interact to predict IAE. The findings of fsQCA (asymmetric) analysis revealed that the study s independent variables (PU, PEOU, SN, BA, and PBC) were all necessary to escalate IAE, but they were not in themselves sufficient.
6.2 Theoretical Implications
This study has been able to theorize the SN, BA, and PBC in farmers to unlock the development path of sustainable EAT. This study has also theorized that such EAT is compatible in the context of green development (Shen et al., 2021; Ataei et al., 2022). For this, the help of a hybrid model, i.e., the integrated TAM-TPB model, has been taken. This hybrid model has been successfully used to explore farmers’ intention to adopt EAT. Since few research studies are available to nurture the use of EAT in farmers. This study provides a novel contribution in this context. The present study also demonstrates the research in the face of new technology acceptance models (Chaiyasoonthorn et al., 2019; Chaveesuk et al., 2020). This study has examined how BA poses an impediment to adopting new technology in farmers, and it has been explained through this study how the TAM-TPB framework will help to interpret the situation. The reasons for using the TAM-TPB-based integrated model have been explained in the theoretical background section. This study aims to explain what factors could influence the intention to adopt EAT, a component of green development. This study analyses the adoption of EAT in farmers. In this context, this study could have used an updated standard adoption model. However, the study has ventured to select better-suited antecedents from TAM-TPB-based integrated models.
6.3 Practical Implications
First, it is suggested that relevant departments link up to jointly promote knowledge of ecological agriculture technology, introduce to farmers the learning steps and expected benefits of ecological agriculture technology, enhance farmers’ awareness of the economic, social and ecological benefits of the technology, improve farmers’ perceived utility, and achieve the effect of changing farmers’ perception of ecological agriculture technology, thus improving farmers’ behavioral attitudes toward ecological agriculture technology.
Second, it is recommended that relevant technical departments establish a communication network with farmers in villages for regular contact, and provide farmers with timely technical interpretation and assistance through agricultural extension staff to reduce the perceived difficulty of farmers in learning eco-agricultural technology. Build a production exchange platform for farmers, strengthen the role of neighborhood demonstration, and form a rural mutual aid system to solve the problems of agricultural sources and technology learning, improve perceived ease of use, and enhance farmers’ confidence in mastering technology. Thirdly, it is recommended to improve the level of farmers’ social networks and optimize the structure of farmers’ resource endowment by category. In terms of social endowment, social institutions and social resources should be adopted to strengthen the social network of farmers; in terms of economic endowment, government subsidies for ecological agriculture technology should be strengthened to increase the economic benefits of farmers’ adoption of ecological agriculture technology; in terms of human endowment, the government and social institutions can provide free personnel to explain the means to enrich farmers’ resource endowment and enhance the control of farmers’ perceptual behavior. By increasing the level of various types of endowments of farmers to enrich their resources and enhance their risk resistance, farmers can improve their perceptual behavior control and exert the influence of subjective norms.
6.4 Limitations and Future Research
The specificity of the sample. The sample selected for this study is mainly from villages in the middle and lower reaches of the Yangtze River, which is reasonable but has some limitations. For example, the sample does not cover a wide range of farmers who do not use agroecological technologies, and the sample does not fully represent the psychological dynamics of farmers’ intention to adopt ecological agricultural technologies. Therefore, we need to accumulate valid samples and conduct a more extensive survey to make the research findings more generalizable.
In the future, this study will be conducted in the present agricultural complex in the form of an organization using the Technology-Organization-Environment (TOE) framework to conduct a complementary study to deeply explore the willingness of the organization and individuals in the organization to adopt eco-agricultural technologies.
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The transition to a low-carbon energy system is imminent under the constraints of carbon-peaking and carbon-neutral targets. Undoubtedly, coal-related carbon emissions over the past decades have had profound negative impacts on human life and the global climate. However, the main position of coal in the energy system determines that pure coal reduction strategy will inevitably lead to a systemic energy crisis. To this end, we explore the conflict formation mechanism among coal enterprises, downstream coal-fired power plants, and government in the process of strategic energy decarbonization transformation from the perspective of industrial chain, and analyze the feasible conflict states and their NASH, GMR, SMR, and SEQ equilibrium characteristics by constructing a ternary GMCR model. It is found that there are two feasible conflict states [image: image] and [image: image] that simultaneously satisfy the conditions of the above four types of equilibria. In this context, the evolution paths of [image: image] and [image: image] are further analyzed and conflict mediation strategies are proposed accordingly. Meanwhile, the decarbonization transition of the energy system needs to consider both the stage characteristics and regional differences of energy reform, as well as the important role of green low-carbon technological innovation as a grip for the decarbonization transition of energy.
Keywords: carbon peak, carbon neutrality, decarbonization pathway, coal-fired power industry, conflict mediation
INTRODUCTION
Global warming headlines are always in the mass media, and counterintuitive seasonal climate change has erupted in many countries around the world (Howe, 2021). Various measures to reduce carbon emissions are being implemented, and energy decarbonization is an important topic in the field of energy management and environmental sustainability research (Sun et al., 2020; Savina et al., 2021; Vatalis et al., 2022; Ćorović et al., 2022). As the world’s largest developing country and carbon emitter, China is deemed vital to both global economic recovery (Verma et al., 2021) and CO2 emission reduction, especially given the current influence of multiple factors, such as the COVID-19 pandemic and China’s carbon-peaking and carbon-neutral targets (Jiang et al., 2021; Li et al., 2021). The thorny issue is that rapid economic development requires a large amount of energy supply (Gozgor et al., 2018), and the coal-based energy structure, which is determined by resource endowment, historical background, and economic development, makes it impossible for China, as the world’s second-largest economy, to fundamentally shake the main energy source of coal and electricity in the short term.
The feasibility of deep decarbonization of energy systems and their specific pathways are prerequisites for achieving the goals of carbon peaking and carbon neutrality. Numerous studies have been carried out on reducing CO2 emissions and alleviating fossil fuel dependence for sustainable energy transitions at the national level (Broto et al., 2018; Bompard et al., 2020). Furthermore, as the national top-level design continues to improve, energy restructuring studies at the provincial level are also gaining attention (Tan et al., 2016; Luo et al., 2021). The industrial CO2 emission efficiency of China’s provinces has three categories of high, medium, and low efficiency, and shows significant spatial agglomeration characteristics. Among them, the Northwest region has the greatest potential for industrial CO2 emission reduction (Zhang et al., 2016).
At a relatively microscopic level, based on institutional economics and transaction cost theory, Tan and Liu (2015) explored the boundary selection problem of coal and electricity trading from the perspective of time development and asset specialization. They provided effective strategies for trading coal and electricity enterprises at the theoretical level, technical level, and realistic level. Liu and Tan (2017) analyzed the trading characteristics between coal and power generation firms and their influencing factors from the perspective of stable matching and scale linkage, and found that coal firms are more scale efficient only when their production scale is larger than the maximum scale of coal demand that power generation firms provide for themselves. However, the pricing mechanism and price regulation of coal and electricity prices in the process of coal and electricity trading are not considered in their models. Kang and Yang (2012) analyzed the coal price between coal and power generation enterprises based on the infinite round bargaining game model and found that increasing the feed-in tariff can increase the profit of both power generation enterprises and coal enterprises, which is conducive to alleviating the coal price conflict between coal and power generation enterprises. The game model does not consider the impact of market coal price on coal used for thermal power generation, so its policy effect can only be short-lived.
From the perspective of energy consumption, the dominant factor influencing GHG emissions can be traced back to energy use (Crippa et al., 2019). At the same time, the consumption proportion of household consumption sector and transportation industry is also high (Ma et al., 2019). In general, thermal power plants are the major contributors to energy-related CO2 emissions (Muhammad, 2019). In some countries, continuous emissions monitoring systems (CEMS) are applied to measure emissions in thermal power plants, but they are costly and require continuous calibration (Cusworth et al., 2021a). As monitoring technologies continue to evolve, remote sensing and next-generation airborne visible/infrared imaging spectrometers (AVIRIS-NG) are being applied to quantify large amounts of fossil CO2 emissions (Nassar et al., 2017; Duren et al., 2019; Cusworth et al., 2021b). In reality, carbon capture and storage (CCS) is considered to be an advanced carbon emission reduction technology. Wang S. et al. (2016), Zhang X. et al. (2019), and Guo and Huang (2020) analyzed the carbon reduction investment strategies of power producers, but they did not focus on the impact of fuel price fluctuations on emission reduction investment strategies. In addition, in the analysis of government incentive policies, the issue of government incentives under the influence of fuel price risk has not been paid special attention (Zhou et al., 2014).
The existing literature is rich in exploring the trading strategies between coal companies and coal-fired power producers, as well as the investment decisions on green technologies for coal-fired power plants. However, the government’s penetration in the energy decarbonization process has been increasing since China’s carbon-peaking and carbon-neutral targets were set. In the past, the modular energy efficiency and emission reduction paths of coal, power, and polluters were not sufficient to support the achievement of the dual carbon targets, and the government’s need for a systematic solution for energy decarbonization transition has become more urgent. The factors influencing the implementation of carbon emission reduction in different types of enterprises have been diverse (Chen et al., 2018), but the prerequisite for the solution of this type of problem is to correctly deal with the conflict of interests between the various subjects involved in the process of decarbonization of the energy system. In fact, conflict occurs virtually everywhere in society and economics, and a powerful methodology called the graph model for conflict resolution (GMCR) (Kilgour et al., 1987; Fang et al., 1993) was put forward and then further associated extensions (Hipel et al., 2011; Xu et al., 2018) were designed to handle real-world conflict. The most obvious advantage of this approach is that it can fully consider the preference characteristics of different decision-makers in the conflict problem and can well reflect the conflict state evolution. In addition, unlike the classical game model, this approach also provides different definitions of stability allowing a more detailed analysis of the stable state of conflict.
Therefore, this study firstly analyzes the elements of conflict formation among government, coal enterprises, and coal-fired power plants in the process of low-carbon transition of energy system, and constructs a ternary conflict resolution graph model based on the theory of GMCR. Secondly, the conflict feasible states of government, coal enterprises, and coal-fired power plants are ranked with the help of preference statement method in GMCR theory. In addition, the stability characteristics of NASH, GMR, SMR, and SEQ for different feasible states and the evolution paths of key stable states are further analyzed. Finally, the results of the GMCR stability analysis are used to suggest targeted countermeasures for decarbonization of China's energy system.
FORMATION OF TERNARY CONFLICT IN COAL-FIRED POWER INDUSTRY CHAIN
The Marketization Reform Process of Coal Industry and Thermal Power Industry
China’s coal industry has, successively, gone through the stages of planned pricing, combination of regulation and release, and market-oriented reform. In general, from the liberalization of coal prices in 1993 to the cessation of coal price regulation by the state in 2005, coal prices have basically achieved market-oriented reforms (Zheng, 2017). A price formation mechanism dominated by the market and supplemented by the government’s macro-control is realized gradually (Wang et al., 2016; Wang, 2018; Zhang et al., 2019). However, coal prices fluctuate wildly due to numerous uncertain events. Table 1 lists China’s key policies to stabilize thermal coal prices over the years, among which the most critical and longest-running policy is coal-electricity price linkage (Bai, 2014; Li et al., 2015; Tan and Liu, 2015; Fan et al., 2018). However, Ye et al. (2018) pointed out that it has problems such as a long lag period, a high proportion of power generation companies digesting coal price fluctuations, and inadequate policy implementation. On the contrary, Zhang and Shi (2022) found that the abolition of coal-power linkage to implement electricity price marketization, although it can solve the structural contradiction of coal and electricity, will make the coal price increase bring a greater degree of industrial sector production costs and increased cost of living for residents. Objectively, the coal-power linkage policy is a transitional measure to deal with the violent fluctuations in the coal market, and its role as a coal price regulation policy itself means that coal prices are greatly influenced by the market.
TABLE 1 | Evolution of coal price policy for power generation.
[image: Table 1]Compared with the market-oriented reform process of coal, the marketization of China’s power structure is relatively low. As Table 2 shows, although market-based reforms in both the power generation and coal industries began in the 1980s, the government still holds dominant control over the power generation industry. Coal fuel accounts for 60%–70% of the cost of power generation, and the efficiency of coal consumption is determined as a priority by the level of technology and capacity scale of the generating units (Bai, 2014), so changes in coal prices affect the long-term trend of technological optimization, budget, production, and operation performance of downstream thermal power industry. In general, the degree of marketization of electricity prices lags far behind. The coal price market is the essential reason for the structural contradiction between coal and electricity (Zhang and Shi, 2022).
TABLE 2 | Evolution of China’s thermal power industry policy.
[image: Table 2]The Shifting Role of Government in Coal-Power Industry Conflict
Global power systems are facing certain crises under the effects of decarbonization—all these negative phenomena have resulted in increased risk of violation of the power balance and insufficient supply. Geographically, thermal coal price growth remained positive in 2021, with growth rates of 4.9% and 3% in Europe and Asia, respectively (Savina et al., 2021). Power system is gradually developing into a hybrid energy system with multiple inputs and outputs (Arent et al., 2021), in which the coal-fired power generation chain has obvious deficiencies in energy supply, safe operation, and clean consumption. As presented in Figure 1A, China’s total CO2 emissions have broadly gone through three phases in the past 30 years, namely the slow growth phase (1990–1999), the rapid growth phase (2000–2013), and the oscillating and fluctuating phase (after 2014). At the same time, the share of CO2 emissions from coal to total emissions (SEC_TE) has remained above 30% for a long time. Therefore, the coal de-capacity strategy was adopted in the decarbonization transition of the energy system, as shown in Figure 1B, after years of growth, total raw coal production (TRCP) experienced a small decline in 2014, followed by a larger decline in 2015.
[image: Figure 1]FIGURE 1 | Time evolutionary characteristics of carbon emissions, power production and consumption, and coal production capacity in China. Source: 1) The data of total CO2 emissions and SEC_TE were obtained from CSMAR Carbon Neutrality Research Database; 2) The data of TRCP came from CHINA ENERGY STATISTICAL YEARBOOK 2020; 3) The vast majority of the data for SRCCP_CP and SP_EEC were obtained from CHINA ELECTRICITY STATISTICAL YEARBOOK 2021, except for the data from 2001 to 2004 obtained by linear interpolation.
Furthermore, Figure 1B also presents that the share of power in end-use energy consumption (SP_EEC) continues to grow, especially in 2019 for the first time above a quarter. A stable supply of electricity is vital to the security of the energy system, yet coal-fired power plants cannot operate without a stable supply of coal. From the perspective of industrial symbiosis, coal industry and electric power industry should maintain coordinated development. However, it is not the case, and in Figure 1B, the up-and-down oscillation of SRCCP_CP (share of raw coal consumed for coal-fired power generation in coal production) under the overall upward movement of SP_EEC in the last 15 years reflects, to some extent, the increased supply volatility of the coal-fired power generation chain.
In general, considering that carbon-peaking and carbon-neutral targets make the government face huge pressure to reduce carbon emissions, the government’s position in the coal power industry conflict is different from its previous role as a regulator of the price of electricity and coal. The Chinese government has to deal with the decarbonization of thermal power plants, however investment in carbon reduction technologies for power plants is affected by fluctuations in upstream coal prices. Therefore, the establishment of the government’s dual carbon goal makes it necessary to strengthen its penetration in the coal power industry conflict, and transform it into the third type of interest appealers and decision-makers, instead of only a price mediator, in the coal power industry conflict.
Ternary Conflict in Coal-Fired Power Industry Chain
A ternary conflict has formed between the government, coal enterprises, and coal-fired power generation enterprises under the combined effect of the differences in the degree of marketization of the coal market and the electricity market, as well as carbon-peaking and carbon-neutral goals. As shown in Figure 2, the most straightforward option to achieve the goal of a low-carbon transformation of the energy system in the context of high-quality macroeconomic development in China is to curb the size of the coal-fired power generation industry and promote the development of green energy. However, the scale of green energy production cannot yet guarantee the safe and stable supply of the energy system after the contraction of the coal-fired power generation industry in the short term, and there are still many shortcomings in green energy itself. Even in the long run, Chai and Li (2022)use the evolutionary game model to analyze the evolutionary law between the governmental power subsidy policy and the energy structure state of power generation enterprises. It is found that the future energy structure is a combination of clean utilization of traditional energy and renewable energy in a certain proportion, rather than a hybrid transition mode of traditional energy and renewable energy. Therefore, the first element of the ternary conflict is the incongruity between the government’s energy system decarbonization reform and the secure and stable supply of the energy system.
[image: Figure 2]FIGURE 2 | Ternary conflict in coal-fired power industry chain.
For coal enterprises, they face the risks of capacity compression, environmental protection, and price volatility in the process of decarbonization of the energy system, and these risks are the second element in the creation of the triadic conflict.
—Production capacity pressure comes from coal mining activities, which have profound negative impacts on environment and human life (Hendryx, 2015; Grigoriou and Rothaermel, 2017), namely air pollution, climate change, resource depletion, etc. Mining of coal, not just its burning, causes occupational diseases and public health problems as well (Graber et al., 2014; Hall et al., 2019). Most of these health problems are related to inhalation of mining-related dust and chemicals (Munawer, 2018; Hendryx et al., 2020). Avoiding the above issues is possible through a package of restrictions on coal capacity in China. For example, disposal of “zombie coal enterprises” by overall withdrawal, closure and clearance, restructuring and integration, and other strategies to reduce capacity and the compression of new production capacity. Moreover, the rapid expansion of hydropower, nuclear power, solar energy, and other green energy sources at the macro level, will squeeze coal power production capacity under double carbon constraints (He et al., 2020).
—Environmental protection pressure is mainly reflected in strict environmental protection, energy consumption, and water consumption standards. In detail, coal-related environmental challenges consist of the handling of the escape of coalbed methane (CBM), soil erosion, coal gangue, mine drainage, and land subsidence (Wang et al., 2020). For coal enterprises, improving their environmental governance capabilities is a prerequisite for obtaining long-term development opportunities (Husted and de Sousa-Filho, 2017; Lemly, 2019). In detail, the environmental pressure of coal enterprises includes costs of coal consumption, exploration costs of coal resources, environmental prevention costs, environmental governance costs, environmental impact costs, costs of ecological environment damage, and environmental management and education costs (Guo et al., 2019).
—In the context of the current complex situation of international energy supply and demand, coal prices under the guidance of a market-oriented pricing mechanism often fluctuate irrationally and violently. For a long time, the Chinese government has continuously improved the coal price formation mechanism. In the period 2016– 2021, the price of coal for power generation in China has successively implemented the coal-power price linkage mechanism and the “basic price + floating up and down” dual-track system (Li, 2019). Since May 2022, based on adhering to the coal price formed by the market, clarify the reasonable range of price, strengthen the regulation of range, and guide the coal price to operate in a reasonable range (NDRC, 2022). In essence, the trade-offs and adjustments between the market and planned price formation mechanisms are the basic means of stabilizing coal prices, yet the price regulation is usually not as effective as it should be.
The third element of the ternary conflict is the operational dilemma faced by coal-fired power producers. Specifically, these include declining profits, fluctuating fuel prices, and higher energy consumption and emission standards.
— Upstream fuel price fluctuation risk: with the increase in the level of per capita electricity consumption, the amount of coal consumed in power generation is also increasing as presented in Figure 1. Coal-fired power generation does not have a substitution relationship between labor and capital in the short term, and the complementarity between coal and combustion-supporting materials is not strong (Zhang et al., 2011). Therefore, in the short term, if the price of coal rises, enterprises cannot reduce the input demand for coal by increasing labor and auxiliary materials but only by adjusting production to reduce losses, which will lead to conflict with the government’s goal of securing a stable supply of electricity.
— Supply guarantee pressure of downstream power demand: as depicted in Figure 1, in terms of electricity demand and supply, the share of electricity in China’s end-use energy consumption has tripled in the last 30 years. Among them, the proportion of coal-fired power generation in the total installed capacity has remained above 50% for a long time (Wang et al., 2018). Therefore, coal-fired power plants bear the important responsibility of a stable power supply.
— Environmental regulatory pressure: under the goals of carbon peak and carbon neutrality, the environmental protection pressure of coal-fired power plants has increased sharply, and the continuous improvement of energy consumption and emission standards has led to an increase in the operating costs of coal power companies’ generator sets.
GMCR MODEL OF TERNARY CONFLICT IN COAL-FIRED POWER INDUSTRY CHAIN
Graph model for conflict resolution (GMCR) is a conflict modeling and analysis tool with weaker data requirements compared with classical game theory (Xu et al., 2018; Kong et al., 2019). It can analyze the strategy and preference characteristics of decision-makers based on conflict information and then explore the equilibrium characteristics of conflict feasible states with the help of different stability definitions, which provides strong support for solving the ternary conflict problem of coal-fired power generation industry chain. In detail, GMCR of the ternary conflict can be expressed as [image: image]. Here, [image: image] is composed of coal enterprises ([image: image]), coal-fired power plants ([image: image]), and government ([image: image]). [image: image] is the strategy set of [image: image] ([image: image], [image: image]), [image: image] is the specific policy of [image: image] ([image: image]). [image: image] represents the set of all feasible states of conflict. [image: image] represents the preference characteristics of [image: image]. [image: image] indicates that preference of [image: image] for state [image: image] is better than that of state [image: image], and [image: image] indicates that there is no difference in preference between [image: image] and [image: image].
Strategy Behaviors of Ternary Conflict in Coal-Fired Power Industry Chain
In the market-oriented coal industry, production goals of coal enterprises are to pursue the maximization of their own interests, and their strategies can be abstracted into [image: image]. Among them, the main way is to establish a regional coal joint sales organization to increase the price negotiation advantage in coal sales, or to expand the scale of coal enterprises through continuous acquisitions, mergers and integrations to implement the large group strategy. Therefore, [image: image] is used here to represent the price increase strategy. The profits of coal enterprises are mainly determined by coal price and yields. Driven by interests, coal companies will have a greater possibility to choose to default with downstream coal-fired power plants when the difference between the immediate market price of coal and the contract price of thermal coal is sufficient to compensate for the economic losses caused by breaching the long-term contract. In order to depict the above scenario, [image: image] is used to indicate the reduction in the supply of coal for coal-fired power generation. Moreover, another illegal and unethical tactic of coal enterprise is [image: image], which is to reduce the quality of coal with the main purpose of transferring to downstream thermal power producers the risk of lost profits due to differences between key contracts and market prices.
Coal-fired power generation bears a high peak load demand and is strategically important for national energy security. The business goal of coal power enterprises is to ensure the supply of electricity and maximize their own benefits under the conditions of meeting their normal operation. Faced with the tight supply and soaring prices of upstream coal, coal-fired power grid prices are in a long-term loss situation. When the losses accumulate to a certain level, coal-fired power plants will take the following measures under pressure to survive: gradually stop the operation of generating units, cut the power supply, and reduce the loss. Therefore, the strategy of coal-fired power companies can be abstracted as [image: image], where [image: image] is to reduce the amount of coal-fired power supply.
In the context of the double carbon constraint, government departments need to consider both the carbon emission reduction target, safe and stable supply of electricity and the set of their strategies are recorded as [image: image]. Specifically: 1) The government should ensure the supply of thermal coal and maintain the stability of its market, denoted by [image: image]. For example, the government should strengthen the communication and coordination among the three parties of production, transportation, and demand, which promote the signing of medium- and long-term contracts for thermal coal. Also, they should supervise the medium- and long-term contract system of coal and optimize pricing mechanisms such as “benchmark price + floating price,” “reasonable price range,” et al. 2) Ensure the security of electricity production and stable supply, noted as [image: image]. In order to achieve this goal, on the one hand, the government needs to supervise coal-fired power generation enterprises to implement safe production and equipment maintenance; on the other hand, it needs to take measures to increase the feed-in tariff of coal-fired power to avoid the shortage of power supply caused by the closure of coal-fired power enterprises.
Feasible State and its Transfer of Ternary Conflict in Coal-Fired Power Industry Chain
Decision-makers choose one or more strategies in their strategy set ([image: image]) and dynamically adjust their own strategies according to the strategies of other decision-makers, and the strategies of all decision-makers at the same moment form a specific conflict situation or state (s). In the ternary conflict of coal-fired power industry chain, [image: image] contains six strategies, each with two states, i.e., choice (Y) and non-choice (N), and theoretically, there are 26 conflict states, but not all of them conform to the factual logic. For example, coal enterprises choose to increase the coal price while choosing to reduce the coal supply strategy, which is not in line with the assumption of a rational economic man, so the state (YYN N NN) is considered irrational and deleted. In view of the above considerations, there are 18 feasible states of conflict, which are detailed in Table 3.
TABLE 3 | Feasible states of ternary conflict in coal-fired power industry chain.
[image: Table 3]Conflict state transfer is the process by which decision-makers move from a current conflict situation to another by changing their own strategies. The feasible states of decision-makers and their transfer characteristics in GMCR can be represented by a directed graph. In detail, Figures 3A–C show the state transfer of [image: image], [image: image], and [image: image] in the ternary conflict of coal-fired power industry chain, respectively. The circle represents the feasible state ([image: image]), and the directed arc represents the state transition process. For example, in Figure 3A, the conflict state [image: image] means that the coal company reduces the coal quality [image: image], the coal-fired power plant maintains the current electricity supply [image: image], and the government maintains the current regulatory policy and supervision [image: image]. [image: image] indicates that coal company has changed their strategy to reduce coal supply [image: image], while power plant and the government have made no strategic adjustments [image: image], i.e., coal enterprises change the conflict state from [image: image] to [image: image] by unilaterally changing their strategies.
[image: Figure 3]FIGURE 3 | Feasible state transfer of ternary conflict in coal-fired power industry chain.
Strategy Preference Statement and Conflict State Preference
Conflict state preference is the prioritization of the decision maker’s feasible states, which is often determined in practice using the method of strategy preference statement (Xu et al., 2018). Based on the characteristics of decision-makers’ conflict mechanism, conflict environment, decision-making goals, and other characteristics in the ternary conflict of coal-fired power industry chain, the order of decision-makers’ strategy preferences are declared, and the conflict feasible state ranking of different decision-makers is obtained. The strategy preference statements of [image: image], [image: image], and [image: image] are shown in Table 4, where the symbols “-” and “IFF” indicate the inverse strategy and conditional strategy preference statement (if and only if), respectively. Specifically, the strategy preference statement for [image: image] is [image: image], indicating a strong to weak strategy preference ranking of government deregulation ([image: image]), raising coal prices under relaxed government regulation ([image: image]), lowering coal quality under relaxed government regulation ([image: image]), lowering coal supply levels under relaxed government regulation ([image: image]), coal-fired power plants maintaining stable power supply ([image: image]), and the government raising feed-in tariffs for coal-fired power generation ([image: image]). In a similar manner, the strategy preference statements of [image: image] and [image: image] are declared to be [image: image], and [image: image], respectively.
TABLE 4 | Preference statement of feasible conflict states.
[image: Table 4]The preference scores of all feasible states of coal companies, coal-fired power plants, and governments are calculated with the help of the conflict state ranking method based on strategy preference statements (Hou and Xu, 2016), and the preference sequences of feasible states are determined accordingly. Specifically, the conflict state preference of coal enterprises is: PC={s14 ≻ s13 ≻ s17 ≻ s2 ≻ s1 ≻ s5 ≻ s8 ≻ s7 ≻ s11 ≻ s10 ≻ s9 ≻ s12 ≻ s4 ≻ s3 ≻ s6 ≻ s16 ≻ s15 ≻ s18}; The conflict state preference of coal-fired power plants is PP = { s10 ≻ s4 ≻ s16 ≻ s8 ≻ s2 ≻ s14 ≻ s12 ≻ s9 ≻ s6 ≻ s3 ≻ s18 ≻ s15 ≻ s11 ≻ s7 ≻ s5 ≻ s1 ≻ s17 ≻ s13}. The conflict states preference of government is PG = {s10 ≻ s9 ≻ s8 ≻ s7 ≻ s4 ≻ s3 ≻ s2 ≻ s1 ≻ s16 ≻ s15 ≻ s14 ≻ s13 ≻ s12 ≻ s11 ≻ s6 ≻ s5 ≻ s18 ≻ s17}.
5 CONFLICT EQUILIBRIUM STATE ANALYSIS OF TERNARY CONFLICT IN COAL-FIRED POWER INDUSTRY CHAIN
The rational economic man hypothesis of decision-makers indicates that their decision-making goal is to pursue the maximization of their own interests, but the conflict state cannot usually be decided by any one decision-maker. Each decision-maker must consider the conflict overall situation and predict what all decision-makers may accept as the solution to the conflict and stability. Conflict equilibrium state analysis based on GMCR theory usually relies on four kinds of stability: [image: image], [image: image], [image: image], and [image: image]. Table 5 shows the four stability characteristics of all feasible states in the ternary conflict of coal-fired power industry chain. Among them, “√” indicates that the feasible state satisfies the corresponding stability conditions; “*” indicates that the feasible state satisfies the corresponding stability condition for all decision-makers, i.e., the feasible state is the equilibrium point ([image: image]) under the corresponding stability.
TABLE 5 | Equilibriums of ternary conflict in coal-fired power industry chain.
[image: Table 5]As presented in Table 5, presents the stability characteristics of different conflict states, where [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], and [image: image] satisfy GMR and SMR. Among them, when [image: image] is in the equilibrium state of GMR, any strategy adjustment [image: image] taken to try to change the current state will suffer from the opponent’s counterattack behavior making its own interests damaged. In the equilibrium state of SMR, [image: image] adjusts its strategy to change the conflict state and can still make further counterattacks after suffering counterattacks from the opponent, but all counterattacks of [image: image] cannot make its own interests better than the current state. [image: image] and [image: image] satisfy four kinds of equilibrium at the same time. In the NASH equilibrium state, all decision-makers have no desire to change the current state. In SEQ equilibrium, the decision-maker adjusts the strategy and whether the opponent takes counterattack behavior will consider the change for its own gain. If the counterattack can make its own gain greater than the case of no counterattack, it takes counterattacking behavior, otherwise, it abandons counterattacking. In fact, the SEQ equilibrium is based on the GMR with the addition of the counter attacker’s rationality factor, i.e., the counter attacker will consider its own income situation when making decisions.
In Figure 4, the evolution paths of conflict equilibrium states [image: image] and [image: image] reveal the game process of coal enterprises, coal-fired power plants, and government from a dynamic perspective. The equilibrium state [image: image] connotes that coal enterprises reduce coal supply, and government strengthens the regulation of coal enterprises and moderately increases the feed-in tariff of coal-fired power generation. The conflict evolution stabilization situation is in line with the coal power industry supply chain price transmission law in the context of energy decarbonization transition strategy. Specifically, the unstable coal production capacity under the constraint of dual carbon targets will intensify the market price volatility. In the short term, coal companies will maintain coal supply due to the cost of defaulting on long-term coal contracts and government regulatory pressure. However, when prices of coal supplied for power generation are frequently lower than market coal prices and free-market profits exceed regulatory and long-term contract default costs, coal companies will reduce coal supply and switch to the free market for higher profits. The reduction of coal supply beyond a certain limit will inevitably lead to higher operating costs for downstream coal-fired power plants, and even long-term loss-making operations and bankruptcy, ultimately jeopardizing the security of the power supply. In particular, if the external environmental impact leads to a sharp increase in power demand, the above-mentioned power security supply problems will be more prominent. In view of this, the government, in order to ensure a stable supply of electricity, needs to continuously improve the coal price monitoring mechanism to effectively regulate the coal supply capacity of coal enterprises in a timely manner, and take severe punishment for enterprises that illegally reduce the supply of coal for coal-fired power generation. At the same time, when the reduction of upstream coal supply for coal-fired power generation has caused the cost of coal-fired power plants to continue to rise above the maximum alarm rate, it should appropriately increase the feed-in price of coal-fired power or reduce the operating costs of coal-fired power plants through tax incentives, etc., to promote the safe and stable supply of electricity.
[image: Figure 4]FIGURE 4 | Evolution path of conflict equilibrium states.
Conflict equilibrium state [image: image] means that coal enterprises and coal-fired power plants reduce the supply level at the same time, and the government imposes strict supervision on coal enterprises. Specifically, the reduction of coal supply for coal-fired power generation by coal enterprises will lead to an increase in the fuel cost of downstream coal-fired power plants for power generation and induce the bankruptcy of units with outdated equipment and low power generation efficiency because they cannot bear the increased operating costs caused by the increase in fuel costs. Finally, the advantageous capacity of coal-fired power generation will be released to make up for the power supply gap caused by the elimination of backward production capacity. Government should strengthen the supervision of coal enterprises and punish enterprises that maliciously reduce the supply of coal for power generation.
The future energy structure system tends to reduce carbon emissions under the dual carbon target constraints, and the ternary conflict mediation strategy of “coal-power-government” should fully grasp the rhythm of energy change. Objectively, the combination of strategies corresponding to the above conflicting equilibria [image: image] and [image: image] is not absolutely superior or inferior in promoting the low-carbon transition of the energy structure system, but is determined by the energy demand and the dual carbon targets at different stages of the low-carbon energy transition. For example, increasing the feed-in price for coal-fired power generation in the conflict equilibrium [image: image] may mislead investors in coal-fired generation and thus reduce the energy decarbonization transition process. However, increasing the feed-in tariff of coal-fired power generation can help alleviate the risk of power supply shortage in the process of power decarbonization. In addition, the ternary conflict mediation strategy of coal-fired power industry chain should reflect regional differences. In regions where the green energy supply is not yet able to fill the gap of coal-fired power plants and where the conflict between coal companies and coal-fired power plants seriously endangers the stable power supply, the government can set the conflict mediation strategy according to the evolutionary path of [image: image]. In regions with a higher level of green energy supply, the government should refer to the evolution path of [image: image] precise governance to accelerate the elimination of backward coal power production capacity and build a safe, green, and efficient energy system. It is worth noting that inter-regional carbon transfer may result in “efficiency losses” exceeding “efficiency gains” (Jiang et al., 2015; Lejano et al., 2020), so the government’s regional carbon emission reduction policy needs to comprehensively evaluate its negative benefits before specific implementation.
For the [image: image] strategy in the equilibrium state [image: image], the government can consider formulating guiding policies from the perspective of encouraging green innovation (Sun et al., 2019). As depicted in Figure 5A, power consumption rate of power plants (PCR_PP) decreases more while in loss rate of power system (LLR_PS) decreases less, so the technological innovation in the power transmission process needs to be further enhanced in order to facilitate further compression of LLR_PS. The government should further strengthen policy inducement in this regard. Moreover, although both standard coal consumption for power generation (SCC_PG) and power supply (SCC_PS) being reduced, there is still a gap between SCC_PG and SCC_PS. This gap can be understood as the space for technologies related to reducing SCC_PS. Therefore, the government needs to formulate systematic policies to support coal-fired power plants to carry out targeted technological research on reducing SCC_PG and SCC_PS, so as to improve their power generation efficiency and carbon emission reduction capabilities.
[image: Figure 5]FIGURE 5 | Power generation efficiency and coal consumption of China’s power plants. Source: The data were obtained from CHINA ELECTRICITY STATISTICAL YEAR BOOK 2021.
CONCLUSIONS AND DISCUSSIONS
Grasping the main contradictions in the current energy transition process according to specific national conditions and proposing a practical implementation path for low-carbon energy transition is the key to achieving the development of energy transition. Against the backdrop of the tight time frame for carbon-peaking and carbon-neutral targets, the Chinese government has outlined an ambitious blueprint for promoting climate and environmental governance and sustainable development with a series of important emission reduction strategies, demonstrating China’s strategic determination to adhere to green and low-carbon development and actively address climate change. Overall, the ternary conflict among coal enterprises, coal-fired power plants, and the government is essentially an outward manifestation of the multiple pressure shifts faced by these three parties in the process of decarbonizing the energy system in the context of China’s macro strategy for high-quality development.
Coal enterprises, coal-fired power plants, and the government are placed under a systematic analysis framework from the perspective of coal-fired power industry chain conflict to explore the formation mechanism of the above ternary conflict in the process of decarbonization transformation of energy system. Further, a conflict analysis model of the coal-fired power industry chain is constructed based on the theory of GMCR to analyze the possible coping strategies and conflict states of different decision-makers. The feasible conflict states are ranked based on the state preference statement method, and then the NASH, GMR, SMR, and SEQ equilibrium characteristics of conflict states for all the decision-makers are explored. It is found that among all feasible conflict states, [image: image] and [image: image] satisfy the above four equilibrium conditions at the same time. Therefore, taking [image: image] and [image: image] as the strategic basis for ternary conflict mediation in the coal-fired power industry chain and drawing its evolution path, a reasonable conflict mediation path is proposed accordingly.
Finally, this paper provides some useful insights for future research on the transformation and upgrading of energy systems under the background of carbon-peaking and carbon-neutral targets. Future research could draw more on big data and its management and application tools to assist in determining the strategic preference characteristics of coal enterprises, coal-fired power plants, and governments, especially in identifying the pace of energy reform and conflict characteristics in different regions. In particular, it is critical to use technological innovation to promote the low-carbon transformation of the energy system to achieve the carbon reduction goal (Cai et al., 2021). For example, the energy system needs to transform from high-carbon to deep low-carbon or zero-carbon, from mechanical electromagnetic systems to power electronic devices, and from deterministic controllable continuous power sources. The decarbonization process of the energy system is radical but realistic in some respects, and further development and diffusion of green technologies facilitate more efficient decarbonization. Overall, the systematic design of optimal energy system low-carbon transition pathways is a complex process of continuous refinement.
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Economic Development Zones have been proven to be an economic success and have been pursued by many governments around the world over the past several decades, but there is still a research gap on their impact on the environment. This paper documents the effect of national-level EDZs on the environmental performance of firms. Combining rich firm and administrative data in China from 1998–2012, we exploit the relationship between the foundation of EDZs and firms’ pollution emissions with a multi-period differences-in-differences model. We find that the establishment of national EDZs can effectively reduce the pollution emission intensity of firms within it. Moreover, this pollution reduction effects vary across industries, firms, and EDZs types. We also find that the establishment of EDZs can improve firm environmental performance by improving energy efficiency, optimizing the business environment, and upgrading technology.
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1 INTRODUCTION
Economic Development Zones (EDZs)—special economic areas aimed at fostering economic growth within a jurisdiction—play an important supporting role in economic growth. Like other place-based programs, EDZs aim to foster agglomeration economies, enhance employment, and attract technologically advanced industrial facilities. A number of studies have analyzed the effect of EDZs on economic growth, such as increasing the number of firms and employment (Cusimano et al., 2021: Givord et al., 2018; Zheng, 2021), improving firm productivity (Koster et al., 2019; Li et al., 2021) and industrial land use efficiency (Lu et al., 2020; Sun et al., 2020c), boosting innovation (Zheng and Li, 2020; Liu et al., 2022), fostering agglomeration economies (Wang et al., 2022) and attracting foreign capital (Delimatsis, 2021). Over the past 3 decades, China’s economy has grown at an impressive pace by means of various reforms and economic liberalization policies, and EDZs have been widely adopted as a key industrial policy and EDZs accounted for more than 60% of gross national industrial output value and more than 50% of GDP (Bao, 2013). However, economic expansion and spatial concentration have also brought serious environmental problems (Sun et al., 2020a). EDZs are also extensive consumers of natural resources and giant emitters of pollutants. Some literature thus documents the environmental effects of EDZs in recent years (Turgel et al., 2019; Zhuo et al., 2019; Hu and Zhou, 2020; Jiang et al., 2022). Yet, few efforts have been made to examine how EDZs affect the environmental performance of firms within EDZs. Against the background that environmental protection and sustainable development have become the world consensus, clarifying the relationship between EDZs and firms’ environmental performance has great policy relevance, which could help China to achieve high-quality development as well as provide replicable experience for other developing countries.
China provides an ideal laboratory for exploring the effects of EDZs on regions and firms, which is of great policy relevance. China built its first four EDZs in 1979 as an experiment policy guided by Deng Xiaoping’s principle of “crossing the river by feeling the stones.” After early success, China has gradually expanded EDZs polices from the coastal regions to the center and west in several waves over 4 decades. There are two main types of EDZs in China: national-level and provincial-level zones. The former is approved by the central government, while the latter are provincial government authorized. The national EDZs are given more policy priveliges and lead in innovation and economic growth; for instance, national-level EDZs accounted for about 23.2% of GDP and 23.5% of tax revenue in 2019 (China’s Ministry of Commerce, 2019; China’s Ministry of Science and Technology, 2019). A substantial literature has documented the influence of EDZs on regional environment, the main objective of this paper is to identify the impact of national-level EDZs policies on firms’ environmental performance and explore the mechanisms through which the effects work. Considering the larger number of provincial zones, we will also discuss the difference between provincial-level zones and national-level zones in the following sections. The insights in this paper could help.
Our studies are related to two strands of literature. In the first strand, most of the literature focuses on the economic effects of EDZs and explores them from different perspectives. Wang (2013) and Busso et al. (2013) found that EDZs increased foreign direct investment, wage income, and local employment. Hu et al. (2015) investigated firms that are the cornerstone of economic development, and found industrial agglomeration positively affects firm productivity. The spillover effect of EDZs on the total factor productivity of surrounding firms was found by Luo et al. (2015). Zheng et al. (2017) examined spillover effects from industrial parks and found industrial parks facilitated retail activity in the vicinity. Following land use data of electronic firms in Shanghai from 2003 to 2008, Huang et al. (2017) discovered the average output per unit of land of firms in EDZs was significantly higher than that outside EDZs. Employing the difference-in-difference method, Howell (2019) discovered that EDZs significantly improved firm productivity, while the degree of impact varied by EDZS types. Sun et al. (2020b) showed that the upgrading of EDZs increased the total consumption of urban residents. Kong et al. (2021) explored the relationship between high-tech zones (HTDZs) and innovation based on the data of listed firms. They found HTDZs devoted to the improvement of firm innovation. The above studies showed that EDZs have a certain economic effect in different aspects, which provided evidence support for the viewpoints of some scholars who deemed EDZs promoted regional development through some channels (Ambroziak, 2016; Xie et al., 2015).
The second strand of literature includes the recently emerging empirical studies on the effects of EDZs on the environment. In recent years, against the background of green development, some scholars considering the fact that firm economic performance is closely related to the environment had shifted their research focuses to the environmental effects of EDZs and found somewhat mixed results. Some studies found that EDZs were beneficial to the regional environment. Wagner and Timmins (2009) deemed the agglomeration effect, as one of the main advantages of EDZs, was conductive to reducing pollution. Qualitatively similar results were also found by Ali et al. (2017) and Effiong (2018). Wang and Wei (2019), supported by microdata, further held that EDZs mitigated local pollution levels. Wang and Feng (2021) found that EDZs were conducive to the common development of the economy and environment and their environmental effects were heterogeneous by using the spatial DID method based on the data of prefecture-level cities in China from 2013 to 2018. However, some scholars believed that EDZs may worsen the environment, and the possible reason is the negative externality of The agglomeration effect (Andersson and Lööf, 2011; Drucker and Feser, 2012). Wang and Nie (2016) verify this view by using data from Chinese micro-firms. Using the simultaneous equation model, Cheng (2016) claimed the agglomeration of the manufacturing industry aggravates environmental pollution. Hu and Zhou (2020) found that the negative effects of EDZs on the environment occurred in the short term. Additionally, a nonlinear relationship between industrial agglomeration and the environment was discovered by some papers. Wang and Wang (2019) confirmed different stages of industrial agglomeration had different impacts on the environment. Chen et al. (2020) also showed similar qualitative conclusions by adopting the spatial Dubin model.
The literature on EDZs has highlighted the positive externalities of EDZs on economic growth, but there were mixed results on environmental effects. Based on the fact that firms are the main body of pollution emissions and heterogeneity among firms, most of the conclusions drawn from macro data may cover the heterogeneity behavior of firms and thus lead to results bias. That is, the current environmental literature may not provide uncontroversial and precise advice for the country. Meanwhile, China is trying to build a new development pattern that benefits both the economy and the environment. The central government had promulgated many relevant policies to better stimulate the environmental effects of EDZs. For example, “Opinions of the General Office of the State Council on Promoting the Reform and Innovative Development of EDZs” issued by The State Council in 2017, requesting the layout and construction of EDZs must follow the environmental impact assessment system according to law. Therefore, it is lucrative for us to combine the above-mentioned two strands of literature and further assess the environmental effects of EDZs.
Against the backdrop of a relatively limited firm-level literature on the EDZs-environment nexus, this paper contributes to the existing literature by examining the causal effect of EDZs policy on firms’ pollution emission intensity. Using the panel data of more than 100 thousand firms from 1998 to 2012 and taking the foundation of national EDZs as a quasi-natural experiment, we use the multi-periods differences-in-differences (DID) method to examine the effects and check whether EDZs could enhance the environment performance of firms while promoting economic growth. To the best of our knowledge, this paper has been a first step toward understanding the impact of national-level EDZs on firms’ environmental performance. Compared with the existing research, the possible innovation and contribution of this paper are mainly reflected in the following three aspects: 1) this paper enriches the related research on the environmental effects of EDZs. Compared with previous studies using macro-level data, the micro-level data adopted in this paper could more efficiently reveal the channels and mechanism of EDZs’ impact on the environment, which can enhance the deep understanding of EDZs environment externality; 2) we improve the identification strategy used in previous literature (which generally relied on the inclusion of region or firm fixed effects and most were carried out at province or prefecture city level) by taking advantage of the variation in foundation time of EDZs at the county level. By adopting a more detailed county administrative code to identify firms within the EDZs, we get more accurate estimates. 3) In order to comprehensively measure firms’ environmental performance, we construct pollutants equivalents for firms, which included all kinds of pollutant instead of taking certain pollutants as a dependent variable.
The rest of this paper is arranged as follows. Background and Theoretical Hypothesis present background related to the development of EDZs and list the main hypothesis. Empirical Strategy introduces explains our data, estimation specification, econometric models, and variables. Empirical Results and Discussion present the empirical results and discusses them in relation. Conclusion concludes and put forwards policy suggestions.
2 BACKGROUND AND THEORETICAL HYPOTHESIS
2.1 Background
China set up its first EDZs to explore new ways of economic development in 1979. Since then, various EDZs ware constructed in terms of the strategic layout of the state or local government. However, many places built EDZs blindly, and EDZs so induced failed to produce the desired effect. In order to improve the quality of EDZs, the General Office of the State Council issued “the Notice on Cleaning up and Rectifying Various Development Zones and Strengthening the Management of Construction Land” in 2003. The “Catalogue of China’s EDZs Review and Announcement (2006 Edition)” issued in 2007 symbolized the phased completion of the clean-up and rectification of EDZs. The State Council restarted the application process for upgrading province-level EDZs to national-level EDZs to mitigate the impact of the 2008 international financial crisis. There are several types of EDZs, such as Economic and technological development zones (ETDZs) and High-tech industrial development zones (HIDZs), in which the preferential policies have different focuses (Alder et al., 2016). For example, ETDZs main purpose is to attract foreign investment and import while HIDZs aimed to cultivate domestic innovative firms. ETDZs and HIDZs are the main types of EDZs. 230 national-level ETDZs and 168 national-level HIDZs had been established across the country by 2021.
As all developing economies experience, the growth of China’s economic development had inevitably brought pollution problems. China’s GDP grew at a remarkable speed while China’s industrial sulfur dioxide emissions remained at a high level from 1998 to 2012. Although overall emissions of sulfur dioxide are high, as shown in Figure 1, the pollution emission intensity of each province has decreased in varying degrees from 1998 to 2012. The possible reasons are that relevant environmental protection measures and industrial policies implemented by China, such as EDZs contributed to the pollution reduction as some of the literature showed. Moreover, Figure 1 shows the pollution levels of regional heterogeneity. The SO2 emission intensity of each province is obtained by calculating industrial SO2 emissions (tons)/total industrial output value (100 million yuan). The eastern, central, and western regions have different economic development levels while their pollution emission intensity also shows an obvious difference. The pollution emission intensity of the central and western regions has decreased more obviously.
[image: Figure 1]FIGURE 1 | Emission intensity of SO2 of each province in 1998 and 2012.
EDZs-as an important engine of economic development-determine China’s environmental level to a certain extent. Figure 2 compares the pollution emissions of firms in EDZs and those in non-EDZs. In terms of the logarithm of emission intensity of SO2, COD, and pollution equivalent, the firms in the non-EDZs are more than twice as much as those in the EDZs. The difference in pollution equivalent between non-EDZs firms and EDZs firms is significant. Hence, that had given rise to crucial questions: How do EDZs affect firms’ environmental performance? Could EDZs improve firms’ environmental performance?
[image: Figure 2]FIGURE 2 | Differences between groups in the intensity of firms’ pollution emissions. Notes: The dashed lines represent the 95% confidence interval of the estimated effect.
2.2 Theoretical Hypothesis
In accordance with previous studies, policy effect, agglomeration effect, and supporting facilities in EDZs may affect the environmental performance of firms. From the perspective of policy effects, EDZs possess preferential policies which were mainly reflected in tax incentives, land use, and private property rights protection (Wang, 2013; Xi et al., 2021). For example, tax preference can help ease financing constraints of firms, increasing the scale of production and reducing emissions per unit of output (Andersen, 2016).
The agglomeration effect is another effect of EDZs. Agglomeration can affect the environmental performance of firms through various channels: 1) The formation of a circular economy in industrial agglomeration zones is beneficial to resource allocation and cost-saving, which enable firms to invest more funds in pollution abatement; 2) The precise matching between firms and employees in EDZs improves the production efficiency of firms and restrains the pollution emission of firms; 3) Technology sharing induced by specialized agglomeration and technological revolution caused by diversified agglomeration restrain firm emissions.
The supporting facilities of the EDZs also affect the environmental behavior of firms. On the one hand, the EDZs management committees restrain firm emissions by regulating firms’ environmental behavior. On the other hand, the complete supporting facilities in the zones reduce the operating cost of firms. For instance, the customs and industrial and commercial institutions in Shanghai Jiading High-tech Zone had greatly reduced the “sole cost” of firms, which mitigates firms’ pollution; the unified pollution treatment equipment in the EDZs can form the scale effect of pollution treatment, then reducing pollution emissions. Previous studies have confirmed the relation between institutional quality and energy efficiency (Sun et al., 2021), thus the EDZs with higher institutional quality may affect the environmental performance. Based on the above analysis, this paper proposes the following hypothesis:
Hypothesis 1. EDZs can affect firms’ environmental performance.Hypothesis 1 checks whether EDZs have an impact on firm environmental performance, and does not mention in detail how EDZs affect firm environmental performance. Therefore, this paper further discusses the mechanism channel related to EDZs affecting the pollution emission intensity of firms:First of all, the scale effect brought by EDZs affects the energy utilization efficiency of firms. The high concentration of industries in the zone intensifies the technology spillover among firms and helps firms to reduce production costs. Technology spillover may help firms to improve production know-how and optimize management structures, meanwhile, the improvement of productivity promotes firms to form economies of scale, improve energy efficiency and reduce pollution emissions (Cui et al., 2015; Wang and Wei, 2019). Second, EDZs affect the environment by optimizing the business environment. On the one hand, an improved business environment represents a higher level of rule of law. The improvement of the rule of law is conducive to the implementation of environmental laws and regulations, compelling firms to reduce pollution emissions. On the other hand, a good business environment represents clean government-firm relations. It reduces firms’ rent-seeking behaviors and the cost of rent-seeking accordingly (Shaheer et al., 2019). The cost reduction of firms encourages them to invest more funds in environmental protection construction. Finally, EDZs can enhance the innovation ability of firms, and thus improve their environmental performance. The clustering of similar industries in EDZs facilitates the sharing of green technology, finally leading to lower emissions. Moreover, the agglomeration of firms in different industries is conducive to the collision of technologies between fields which can induce the reform of green technologies. The improvement of firm technology level has improved firm environmental performance (Yi et al., 2022; Zhang et al., 2022). Based on the above analyses, this paper proposes another hypothesis:
Hypothesis 2. EDZs mitigate the intensity of pollution discharged by firms by improving energy efficiency, optimizing the business environment, and technological innovation.
3 EMPIRICAL STRATEGY
3.1 Data
The main data used in this study includes information on firm-level operation, firm-level environmental pollution, and city-level characteristics. To this end, we construct our unique dataset by merging three data sources manually. Firm-level production and financial information come from the Annual Survey of Industrial Firms (ASIF), which is maintained by the National Bureau of Statistics (NBS) of China. This is the most comprehensive firm-level dataset available in China, as it includes all state-owned firms (SOEs) and non-state-owned firms with annual sales above five million yuan (around US$600,000) from the period 1998–2012. It provides detailed information on each firm, such as name, location, and industry affiliation as well as most items of each firm’s operational information, such as age, fixed assets, and ownership (Liu et al., 2021). The second data source is the Environmental Survey and Reporting (ESR) administrated by the Ministry of Environmental Protection (or the former State Environmental Protection Administration). It is the most comprehensive and reliable environmental microeconomic database in China (Chen and Chen, 2019). The dataset contains firm information such as the legal person code, coal consumption, and pollution treatment equipment of the firms. In addition, COD, ammonia nitrogen, SO2, NOx, industrial smoke and dust, and solid waste emissions are also included in it. The third dataset we used comes from China Statistical Yearbooks and China Urban Statistical Yearbooks. These yearbooks provide city-level economic and social development information, such as GDP, employment, and area. EDZs information comes from the “China Economic Development Zone Review Announcement Catalogue (2018 Edition)” compiled by National Development and Reform Commission, Ministry of Land and Resources, Housing and Urban-rural Development, and the Ministry of Urban and Rural Development, including the code of the Economic Development Zone, the time of establishment and leading industries. There are 141 ETDZs and 88 HTDZs in our sample period.
The time interval for our sample is 1998–2012, which is the major wave of EDZs establishment. The EDZs provide a large number of preferential policies for firms and attract lots of firms to settle in. It provides a quasi-natural experiment for us to identify the impact of the national EDZs on firms’ environmental performance. Following Zhang et al. (2016), we use the name of the national EDZs to obtain the county-level administrative area code where the EDZ is located through the Baidu coordinate pick-up system. The code of the administrative area where it is located is matched to identify whether the firm is in the EDZs. The administrative area codes of firms and cities are collated using the 2003 annual administrative area codes published by the Ministry of Civil Affairs.
In order to construct firm-level panel data, we need to efficiently match these databases. We construct ASIF firm panel data using the name, identification number, industry, county, etc. (Brandt et al., 2012; Brandt et al., 2017). We clean the dataset according to the rules of generally accepted Accounting Principles: drop firms with fixed assets greater than total assets, current assets greater than total assets, and net fixed assets greater than total assets. Considering that firms with fewer than eight employees have poor accounting systems and are subject to different legal systems, we also exclude these samples. Then we link the ESR data to the ASIF firm panel data primarily by using the firm identification number. However, some observations in the ESR data have no or incorrect identification numbers. We change uppercase to lowercase or delimit the space in the number to improve the rate of matching by using the firm’s name and location. Finally, we merge the prefectures’ characteristics from the China City Statistical Yearbook to the panel. Industries in ASIF include mining, manufacturing, and utilities, while in this analysis we focus only on manufacturing firms.
Considering that Chinese industry codes and region codes have changed a lot during the sample period, we unify the 4-digit industry codes and 6-digit region codes into the 2003 standard issued by The National Bureau of Statistics of China and The Ministry of Civil Affairs of the People’s Republic of China, respectively.1 Ideally, we need spatial information of both firms and EDZs to identify the firms located in or outside the EDZs, and it is difficult to get all the spatial dimensions of EDZs. As an alternative, we match the firms and EDZs according to their 6-digit region codes. We obtain the county where the EDZ is located on the Baidu API system by the name of the EDZ2, which allows us to get the EDZs’ 6-digit region codes. The number of firms varies from more than 22,000 in 1998 to more than 56,000 in 2012 in our sample, spanning 30 provinces or province-equivalent municipalities and all 2-digits manufacturing industries, which ensure invaluable representation. To make nominal variables comparable over time, all gross values are deflated at constant 1998 prices index. In order to alleviate the possible distortion caused by extreme value, we, therefore, winsorize the continuous variables at the 1 top and bottom percentiles of their respective distributions.
3.2 Estimation Specification
Our analysis is based on the period from 1998–2012. Our objective is to estimate the effects of national EDZs on the environmental activities of firms. The key challenge of identifying any causal effects of EDZs is selecting appropriate control groups, given the possible presence of spillovers. This paper adopts a multi period DID analysis at the county level (the most disaggregated geographic unit of EDZs). We thus examine the difference between the change in environmental activities by firms in EDZs with better institutional policies because of the EDZs foundation (the treated group) and the corresponding change by firms in non- EDZs (the control group), conditional on a rich set of control variables including firm and region features. Beyond that, we investigate the robustness of the findings by checking parallel trends between targeted and control groups. Moreover, to examine any potential bias due to the self-selection effect that the national EDZs may have an entrance threshold for firms (such that only more productive and cleaner firms are allowed to operate in EDZs), we only retained firms built before the foundation of EDZs in the treated group and check whether the pollution reduction effect still holds. Specifically, we propose the following specification for our basic DID estimation:
[image: image]
where lnEIict is the pollution emission intensity of firm i in county c in year t; didct is a dummy variable, which takes a value of 1 if firm i belong to certain national EDZs in year t, and 0 otherwise. X includes a series of control variables reflecting firm, region, and industry characteristics, respectively. μi is the firm fixed effects, controlling for all time-invariant firm characteristics. It also controls for industrial and regional differences that do not vary over time but may affect the propensity of the industry to take up cleaner production technology. The year fixed effect is φt, controlling for all yearly shocks such as business cycles, technological progress, changes in the patenting system, etc., εict is the error term. To deal with the potential heteroskedasticity and serial autocorrelation, we cluster the standard errors at the firm level.
Dependent variable lnEIict takes log value of share of general pollutants equivalent over real gross output by firm i. In ESR data, there are two water pollution indicators: COD emission and ammonia nitrogen emission, and four air pollution indicators: SO2 emission, NOx emission, soot emission, and industrial dust emission. Due to the large differences in the degree of harmfulness of various pollutants to the environment, we calculated the general pollution equivalent that can better represent the overall pollution level of the firm. lnEIict is calculated by Eqs 2, 3 as follows:
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where i, t, and j represent a firm, a year, and a kind of pollutant. Eijt is the firm i emission of pollutant j in year t, for which the unit is kilograms, [image: image] is the pollution j equivalent value. According to The Regulation on collecting Standards for Sewage Discharge Fees issued by China government in 20033, the COD pollution equivalent value is 1kg; the ammonia nitrogen pollution equivalent value is 0.8 kg; the SO2 pollution equivalent value is 0.95 kg; the NOx pollution equivalent value is 0.95 kg; the dust pollution equivalent value is 4 kg; the smoke pollution equivalent is 2.18 kg. PEit is the total pollution equivalent of the firm i in year t. Yit is the log of the real gross output value of firm i measured at the constant price of 1998.
The main control variables used in the regression are as follows. Firm age (Age) is manually calculated after carefully processing the establishment time of the firm by taking into account the business status of the firm and the scale of the firm, since then. Firm size (lnSize) takes the log of the real capital stock of the firm which is calculated according to Brandt et al. (2012). Firm capital intensity (lnKI) takes the log of the ratio of the total actual fixed assets of the firm to the number of employees. Besides the above characteristics of the firms, we also introduce some region and industry variables. Regional economic development (lnGDP_pc) is the real GDP per capita of the city. Economic agglomeration (EG) is the ratio of the sum of the actual output value of the secondary and tertiary industries to the area of the city. Industry competition (HHI)is the Herfindahl index of the four-digit industry to which firm i belongs to. Industry openness (Ex_share) is the share of the number of export firms in the four-digit industry. The description and summary statistics of our key variables are presented in Table 1.
TABLE 1 | Descriptive statistics of main variables.
[image: Table 1]4 EMPIRICAL RESULTS AND DISCUSSION
4.1 Main Results
Table 2 reports the results across the different specifications, with different fixed effect structures as specified in the table. All estimations show that the foundation of national EDZs leads to a decline in the pollution emission intensity of firms. In Column (1), with only firm fixed effect and year fixed effect being controlled for, we find a statistically significant and negative estimate for our interest regressor did. The negative sign indicates that firms in EDZs undertake less pollution.
TABLE 2 | Baseline results.
[image: Table 2]We start with a simple DID specification that includes only firm and year fixed effects in Column (1). Our regressor of interest, did, is negative and statistically significant, suggesting that the firm’s pollution emission intensity has declined after the establishment of the EDZs. In Column (2), we include several time-varying firm characteristics that may influence innovation activities, such as age, size, and capital-labor ratio. Evidently, the negative effect of EDZs policy on pollution emission intensity is very robust to these additional controls. As for the effects of the control variables, we find that firms having a larger size, or lower capital-labor ratio have less pollution intensity. Size could affect firms’ emissions in several ways: a larger size means the fixed costs of adopting cleaner emissions technology is less burdensome and a larger size also allows for an economy of scale effect with respect to emissions, which is consistent with the findings in the literature (e.g., Cui et al., 2015). Higher capital-labor ratio firms always belong to iron and steel, as well as the nonferrous metals industry in China, there, industries tend to produce more pollutants. Columns (3–4) further include the control variables at the industry level and city level. Our results are robust to these additional controls. Considering that our dependent variable is general pollutants equivalent and many previous studies focused on only one certain pollutant, we construct the COD emission intensity in Column (5) and we find EDZs could also effectively reduce COD emission intensity.
4.2 Robustness Checks
4.2.1 Parallel Trend Test
A key assumption of the DID estimator is that the pretreatment trends in the control and treated groups would be the same in the absence of any intervention. By plotting a set of estimated coefficients from the regression of pollution emission intensity on did along with all of the controls in Eq. 1, Figure 3 further shows the differences in pollution emission intensity changes between the treatment and control groups over time. It can be seen that before the establishment of the EDZs, there is no significant difference between firms in EDZs and the ones in non-EDZs, indicating a good comparability between our treated and control groups conditional on our selected controls. However, in the post-EDZs period, the treatment group experienced a gradual and persistent decline in pollution emission intensity compared with the control group, indicating that the foundation of national-level EDZs had a negative effect on firm pollution emission in the treatment group. Although the effect may be unstable at the early stage, the difference remains significant after the second post-EDZs period.
[image: Figure 3]FIGURE 3 | Parallel trend test.
4.2.2 Placebo Test
To exclude the possibility that the cleaner firms are selected for in EDZs thus giving the impression that EDZs could reduce pollution emission intensity, we carry out a randomization test as a further robustness check. We randomly select some firms to be affected by the EDZs and repeat the exercise 1,000 times (Zhou et al., 2018), we can obtain 1,000 estimators of the impact of the establishment of EDZs on firms’ pollution emission intensity. Given the random generating process of the data, this false did is expected to have no effects; otherwise, it may indicate the misspecification of Eq. 1. The 1,000 coefficients and p-values are reported in Figure 4. Evidently, the estimators are around 0 which is far from our benchmark estimate of −0.041 and most of the p-values are greater than 0.1, leading further support to the validity of our research design. Our benchmark estimates are not contaminated by any rare events but are robust.
[image: Figure 4]FIGURE 4 | Placebo test.
4.2.3 Alternative Specifications
In our benchmark analysis, we adopt firm fixed effect to control for all time-invariant characteristics of firms and year fixed effect to control for all yearly shocks common to all industries. For robustness, we adopt alternative specifications with more fixed effects and cluster standard error at the industry level. In Column (1) of Table 3, to alleviate concern that firms within the same industry may be correlated as they are affected by the same industrial policies, we adopt cluster standard error at the industry level instead of the firm level. Column (2) of Table 3 reports the results after including 2-digit industry-year fixed effects which could control for any industry-specific pollution trends. Following Wu et al. (2020), we further utilize industry-year fixed effects, city-year fixed effects, and industry-county fixed effects as reported in Column (3) of Table 3. The results in Columns (1–3) show that coefficients of interest remain negative and significant, further demonstrating the robustness of our results.
TABLE 3 | Robustness test results: alternative specifications and PSM-DID.
[image: Table 3]4.2.4 PSM-DID
The possible correlation between the treatment status (did) and the error term (εict) means that our treated and control groups are not comparable. For example, the selection of which firms could operate in EDZs is not random; hence, the firms in EDZs and the firms outside EDZs could have been experiencing different trends before the foundation of EDZs, and these differences might have generated differential trends in our outcomes across the two types of firms in the post-EDZs period. To alleviate this identification concern, we have controlled for time-varying firm characteristics to balance firms in different groups, here we further employ a propensity score matching (PSM) technique developed by Rosenbaum and Rubin (1983) to better ensure comparability between treated and control groups. Considering the fact that estimation results may vary due to the difference in matching method, we, respectively apply the kernel matching, one-to-one proximity matching, and one-to-two proximity matching year by year to obtain a suitable control group. The coefficients for did are still significantly negative in all three matching methods as shown in Columns (4–6) of Table 3, indicating again that the main results are robust.
4.2.5 Exclusion of Other Policies
If there exist any policy reforms introduced in China around the sample period which may affect our treated and control groups differently, then the effects of those policy reforms may also be captured in the DID estimates. One important policy shock is the entry of China into the WTO in 2001. Since then, the trade tariffs that China faced have dropped significantly, which may stimulate the export of firms in the EDZs as many EDZs also are export processing zones (Lu et al., 2019). Much literature has documented that export could improve firms’ environmental performance (Holladay, 2016; Forslid et al., 2018), the results in baseline regression may be affected by WTO entry. In addition, the reform of State-owned firms started in the 1980s and accelerated in the early 2000s. The SOE reform leads to large-scale privatization, close-down of small SOEs, and an improvement in the efficiency of surviving (large) SOEs. These ownership reforms may affect firms’ environmental performance. We include the 3-digit industry-level tariff variable and the share of the output value of SOEs in the 3-digit industry in our DID estimation, to control any possible effects arising from these two policies. The estimated results are shown in Table 4. Column (1) adds tariff variables, and Column (2) adds the share of state-owned firms’ output value. The regression results show that the coefficients of did are all significantly negative at the 5% level. In Column (3), we add the tariff variables and the share of state-owned firm output value at the same time. The coefficient of did is still significant at the 5% level.
TABLE 4 | Other robustness checks.
[image: Table 4]4.2.6 The Number of EDZs
In baseline specification, we take did as 1 if there is any EDZ in one county, while some counties actually have more than one EDZ. Compared with one county with one zone, one county with multiple zones is not only more common in regional development but also plays a significant role in the creation of a more complete economic environment. At present, there are few studies on whether the number of EDZs has an impact on the firm’s pollution discharge behavior. We establish the following regression model to examine the effect:
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We construct did2ct, using the number of national-level EDZs in county c in year t. The estimate in Column (4) of Table 4 shows that did2 is significantly negative at the 5% level. For each additional EDZ, the pollution emission intensity of firms in the zone decreases by 3.9%. It can be seen that more EDZs could have a greater impact on firm environmental performance.
4.2.7 Sample Period
In the main analysis, we conduct empirical analysis based on data from 1998 to 2012. A related fact is that a relatively few national EDZs were built in 1998–2009 and most ones were founded in 2010–2012. We have reason to suspect that the pollution emission intensity reduction effect in the basic regression is mainly driven by the EDZs established after 2009. To address this concern, we use Chinese firm-level data from 1998 to 2009 to rerun regression. The regression results are reported in Column (5) in Table 4 which indicates that EDZs established in any period can effectively reduce the pollution emissions intensity of firms within it, suggesting that our findings are not driven by a particular sample period.
4.3 Heterogeneity Analysis
Our aforementioned analysis documents a negative impact of national-level EDZs on firm pollution emission intensity. However, studies in the literature also find that many industrial agglomerated areas or industrial parks may deteriorate the environment, including the deterioration of water quality, the increase in pollution emissions, and the decrease of eco-efficiency in the surrounding areas (Wang and Nie, 2016; Wang and Wei, 2019). Andersson and Lööf (2011) claim it may be caused by the negative externality of the agglomeration effect.
EDZs may pose threats to the local environment due to intensive resource consumption and waste emission. To gain a further understanding of our findings, we examine the treatment heterogeneity across firms and EDZs types to shed light on the relevance.
4.3.1 Firm Heterogeneity
Firms are heterogeneous in many dimensions, and so is environmental performance. We explore the possible heterogeneous effects of national EDZs on the pollution emission intensity of firms by firms’ ownership and scale. These results are reported in Table 5. In terms of ownership structure, two major types of firms primarily exist in China: SOEs and Non-SOEs. Determining whether firms with different ownership structures have different responses to national EDZs would be an interesting exercise since ownership issues are very important topics in transmission countries like China. We find that EDZs have a significant impact on the pollution emission intensity of SOEs [Column (1)], but not on Non-SOEs [Column (2)]. The possible reason is that SOEs possess more capital and undertake more social responsibility for environmental protection compared with Non-SOEs (Liang and Langbein, 2021). We also examine the heterogeneity of firm scale. Due to the large number of Non-SOEs in EDZs and the insignificant influence of EDZs on Non-SOEs, we only discuss the scale heterogeneity of Non-SOEs. We split Non-SOEs into large/medium firms and small ones according to the “Notice on the Issuance of the Classification Standards for Small and Medium-sized Enterprises” issued by the National Bureau of Statistics (NBS) of China, then rerun the regression in these two groups separately. The regression results show EDZs significantly reduce the pollution emission intensity of large and medium firms [Column (3)], but do not yield a significant impact on the small group as shown in Column (4), which is consistent with the view proposed by Li et al. (2021). This heterogeneity could stem from the difference in financial resources and organizational resources. Compared to small firms, large firms are easier to recruit new hires and raise capital (Meulenaere et al., 2021). As a result, large firms have extra resources to innovate (Balasubramanian et al., 2021) and these innovations could mitigate pollution emissions.
TABLE 5 | Firm heterogeneity.
[image: Table 5]4.3.2 Industry Heterogeneity
The fact that industries differ in many dimensions has been demonstrated by existing literature. It is natural to infer that the effect of EDZs may vary across the industry due to the difference in production factor input and utilization efficiency. In addition, the stringency of the environmental regulations in EDZs may vary across industries. EDZs Management Committees always favor industries with stronger innovation ability or higher added value. Thereby, industries with high-tech intensity better enjoy the preferential policies of the EDZs and more easily realize the transformation and upgrading through technology sharing and innovation spillover. We divide industries into high-tech, mid-tech, and low-tech intensive industries according to the OECD standard4 to examine the heterogeneous environmental responses of firms within different industries. The estimation results reported in Columns (1–3) of Table 6 suggest that firms in high-tech and mid-tech intensive industries experience a significant improvement in environmental performance, especially those in high-tech intensive industries. We also find EDZs tend to worsen the environmental performance of firms in low-tech intensive industries. The possible reason may be that it is difficult for low-tech firms to absorb the agglomeration externality in EDZs.
TABLE 6 | Industry heterogeneity analysis.
[image: Table 6]To further check if the effects vary across industries with different pollution intensities, we estimate the environmental performance of heavy polluting firms and others respectively. The classification of polluting firms is subject to The Guidelines on Environmental Information Disclosure of Listed Companies issued by the Ministry of Ecology and Environmental in 2010. The regression results are shown in Columns (4–5) of Table 6. The regression results indicate that EDZs have a more significant impact on the environmental performance of firms in heavy pollution industries. The possible reason is that EDZs Management Committee pays more attention to emissions from heavy-polluting firms which consequently spend more resources to cut emissions.
4.3.3 EDZs Types
As introduced before, there are two main EDZs: national-level and provincial-level. They are approved by the central government and provincial government separately and the former is endowed with more privileged policies. The number of provincial-level EDZs is much larger than national-level ones. Geographically, national and provincial EDZs are mutually exclusive-a location cannot be both a provincial and a national EDZs at the same time, however, provincial-level EDZs could be upgraded to national-level EDZs if certain relevant standards are met. The largest upgrade is 87 in 2010 followed by 57 in 2012. To further account for the possible impact difference of EDZs level on firms’ environmental performance, we take the firms in the provincial-level EDZs before upgrading, the provincial-level EDZs without upgrading, the provincial-level EDZs and the national-level EDZs as the treatment group separately, and the firms outside the EDZs as the control group. Three regression results are reported in Columns (1–4) of Table 7. The core explanatory variables did is not significant while in Column (4) it is significantly negative, which demonstrates that the pollution emission intensity reduction effect mainly occurs in national-level EDZs. National-level EDZs tend to benefit from more preferential policies and better infrastructure. In contrast, the construction requirements of provincial-level EDZs are often lower and most of their policy support coming from provincial departments is also lower. Therefore, only the establishment of national-level EDZs begets good environmental performance. This finding suggests that the policy and operation quality of EDZs are important in achieving pollution reduction effects.
TABLE 7 | EDZs types.
[image: Table 7]4.4 Mechanism
The previous section establishes that EDZs have a significant negative impact on the pollution emission intensity of firms, and this result is supported by a series of robust checks. In this section, we extend our discussion to investigate the possible mechanisms by which the EDZs affect firms’ environmental performance.
4.4.1 Energy Efficiency
As China is abundant in coal reservations, coal is not only the main fuel for China’s industrial production but also an important source of SO2 and other pollutants. Thus, energy efficiency plays an important role in energy conservation and pollution control. Due to the technology spillovers caused by agglomeration externality within the EDZs, the EDZs policy may reduce pollution emission intensity by improving firms’ energy efficiency. To verify that this is indeed the case, we further take the ratio of the firms’ real gross output to fuel coal consumption as the proxy variable of energy efficiency (EE) and estimate the following model:
[image: image]
Column (1) in Table 8 reports a result of interest regarding explanatory variable did. In line with our expectations, its coefficient is positive and statistically significant at 10% which suggests that energy efficiency experienced a 4.3% increase after EDZs’ foundation. This tends to confirm that firms within EDZs are much more energy-efficient than their counterpart outside the EDZs, which also verifies Hypothesis 2. That result is of positive policy reference for China’s regional governments which is seeking the balance of keeping economic growth and controlling carbon emission.
TABLE 8 | Mechanism analysis.
[image: Table 8]4.4.2 Business Environment
Attracting high-quality firms is a prerequisite for achieving the development goals of EDZs, and the business environment is a key factor in determining whether EDZs can attract high-quality firms. The EDZs enjoy a certain degree of independence and have the authority to define, within limits, their own preferential policies. These policies usually include tax deductions and customs duty exemptions, discounted land-use fees, special treatment in securing bank loans, and efficient administrative service (Alder et al., 2016; Lu et al., 2019) which could provide a better business environment. A better business environment will significantly reduce the cost of rent-seeking for firms and make them focus more on their own development. Additionally, the optimization of the business environment will facilitate firms to reduce pollution emissions by solving the externality problem of technological innovation. We use the degree of comprehensive tax distortion to measure the regional business environment (BE) according to Mao and Wang (2020). The results reported in Column (2) of Table 8 show that the coefficient of did remains statistically significant, which indicates that the EDZs have significantly optimized the business environment faced by firms within EDZs.
4.4.3 Innovation Ability
Improvement of firms’ technology innovation ability will lead to the decrease of pollution emission per unit output value, as well as an enhancement of the terminal pollution control capability, which can induce the improvement of firms’ environmental performance (Wang and Xie, 2014). Moreover, compared with neutral technological progress, biased technological progress has a greater impact on the environmental performance of local firms. The establishment of EDZs may promote regional technology spillover through the agglomeration effect. To verify this hypothesized channel, we use the sum of numbers of utility patents, invention patents, and design patents as the proxy variables of innovation ability. As shown in Column (3) of Table 8, we observe that the establishment of EDZs induces a significant increase in the total number of patents, that is, the channel of firms’ innovation ability is confirmed.
5 CONCLUSION
Place-based policies are a popular type of development policy in both developed and developing country contexts. China’s EDZs programs have demonstrated a magnificent effect on the economic growth of targeted areas (Howell, 2019). By adopting the establishment of EDZs as a policy shock, this paper exploits the impact of China’s EDZs on firms’ pollution emission intensity. Given the large number of developing countries implementing similar zone programs and popular environmental concerns, the findings of this paper have important implications for policy and the design of more effective EDZs which aim at higher but cleaner production.
In applying the multi-period DID method, the benchmark estimates of this paper indicate that the establishment of EDZs has significantly reduced firms’ pollution emission intensity compared with those located outside EDZs. After a series of robustness tests, the results still held. We also found that EDZs’ pollution reduction effect varies across industry, ownership, and types of EDZs. The reduction effect is more obvious in high-tech intensive industries while is not significant in low-tech industries. Compared with non-state-owned firms, the magnitude of the reduction effect is larger for state-owned ones. The improvement of firms’ environmental performance mainly occurs in national-level EDZs while the effect of provincial-level EDZs is not significant. Another important finding is that there are several ways through which EDZs affect firms’ pollution emission intensity. According to our results, EDZs mainly reduce pollution emission intensity by improving energy efficiency, optimizing the business environment in parks, and promoting firms’ innovation ability.
This study has been a first step toward understanding the micro-foundations of the impact of EDZs policies on the environment in developing countries. The policy implications in this paper are in the following areas. First of all, the establishment of national-level EDZs has a significant pollution intensity reduction effect and provides meaningful practice for achieving economic development achievements without sacrificing the environment. Other level EDZs can take more valuable lessons from national-level ones. On the other hand, there is a lack of a one-size-fits-all solution because of the presence of strong heterogeneity among industries, firms, and types of EDZs. Thus, formulating an effective EDZs policy requires paying close attention to the circumstances.
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4ISIC REV.3 technology intensity definition: classification of manufacturing industries into categories based on R&D intensities, Economic Analysis and Statistics Division, OECD, 2011.
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Government policy is an effective strategy to encourage green innovation, but the effect of industrial policy on enterprise green innovation remains under-explored. Using China’s listed manufacturing enterprises data from 2010 to 2020, this study employs Made in China 2025 as a quasi-natural experiment as well as the DID method to explore the effect and mechanism of industrial policies on GI. The following key insights are obtained. 1) The Made in China 2025 has the potential to substantially improve the green innovation of manufacturing enterprises. This result shows that industrial policy can promote green innovation to boost the green transformation and upgrading of China’s manufacturing industry. 2) The policy effect is largely dependent on enterprise governance and regions. 3) Further mechanism considerations find that Made in China 2025 promotes green innovation through tax, environmental subsidies, and corporate social responsibility. In addition to enriching the literature on industrial policy and green innovation, this study offers valuable implications for government green governance and enterprise’s green transformation. Several suggestions for the implementation of Made in China 2025 are proposed.
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1 INTRODUCTION
During the past few years, the Chinese government has strengthened environmental governance and has produced impressive achievements. By 2020, the overall ecological and environmental quality has improved notably, pollutant emissions have been decreased considerably, and green production has been promoted substantially1. However, China’s manufacturing industry continues to struggle with serious environmental pollution. As the 42 industrial sectors are surveyed in 2020, manufacturing ranks as the most polluting industry in terms of air pollution, water pollution, and solid waste pollution2. To maintain economic and environmental prosperity, the country and enterprises are committed to promoting green production and green upgrading of manufacturing. Green innovation (GI) contributes to both environmental and economic performance and is, therefore, imperative for achieving green development of manufacturing industry. GI may involve upgrading the production process with high pollution and high energy consumption (Sun et al., 2019; Sun et al., 2021), or developing green product. Hence, it can effectively enhance enterprise environmental performance (Singh et al., 2020; Rehman et al., 2021), as well as promoting enterprises to develop unique competitive advantages in the product, resources, and technology for the purpose of achieving green transformation and upgrading (Tu and Wu, 2021) and improving economic performance (Chen et al., 2006). Nowadays, GI assumes greater prominence in light of the global pressure to reduce carbon emissions. With high costs, high uncertainty, long transition period, market failures and other risks (Song et al., 2018), and dual externalities (Berrone et al., 2013), enterprises often lack the resources and motivation for GI. As the responsible subject of win-win goals (Wittmayer, 2021), the government serves as the primary catalyst for the promotion of enterprises’ GI.
The Chinese government has realized the strategic importance of GI in manufacturing industry and has introduced several policies to encourage green development. Until now, the government stimulates GI by employing both market policy tools such as carbon emission trading mechanism and financial instruments including green loans, green equity, green bonds, green insurance and green funds, and non-market measures such as improving the renewable energy standard system and constructing a legal system conducive to green and low-carbon development. A special industrial policy, Made in China 2025, has been launched in 2015 by the Chinese government to address high pollution and high energy consumption in manufacturing. Different from the above-mentioned environmental regulation policies directly affecting GI, this policy is concerned with green transformation and development of manufacturing industry. This policy has been implemented for 5 years, but no empirical evidence has been found to support its impact on GI. Several studies have demonstrated the effectiveness of single or mixed environmental policies on enterprise GI (Herva et al., 2011). Yet, there is a lack of theoretical insight into the impact of industrial policy with multiple objectives on GI (Shen et al., 2020). To evaluate the incentive effect of Made in China 2025 on GI and provide a conceptual framework for the effect of industrial policy, this study employs difference in differences (DID) method to assess the effect by analyzing China’s listed manufacturing company data from 2010 to 2020.
This study contributes to the current framework of industrial policy and GI in three areas. Firstly, despite Made in China 2025, aiming in tackling industrial pollution and energy inefficiency by Chinese manufacturing industries, would potentially promote GI. Limited studies have been conducted on the effect and mechanism of industrial policy on GI using quasi-natural experiments in China. This study fille this gap by examining the industrial policy effect of Made in China 2025 on GI in manufacturing industry and its mechanism. Second, previous literature has primarily focused on the effect of policy on GI in terms of resource allocation, while taking into account this mechanism, the study also sheds light on the mechanism of corporate social responsibility (CSR) that extends the market mechanism to non-market mechanism. Third and finally, this study considers the influence of corporate governance differences and regional disparities on policy effect and verifies the filtering effect of corporate attributes on policy effect. Its significance lies in that when studying the effect of institutions on firm behavior, firm’s response to the institution should be fully considered.
2 POLICY INTRODUCTION AND LITERATURE REVIEW
2.1 Policy Introduction
Manufacturing serves as a pillar in China’s economic development. In 2020, the added value of China’s manufacturing industry (26.6 trillion yuan) accounted for 26.6% of gross domestic product (GDP), nearly 30% of the global manufacturing industry. Nevertheless, the manufacturing industry accounted for 54.8% of energy consumption in 2018, resulting in subpar environmental performance in China3. According to the 2020 global Environmental Performance Index (EPI) report jointly released by Yale University and other research institutions, China’s EPI score was only 37.3, ranking 120th among the 180 countries4. Additionally, according to the global Air Quality Report 2020, produced by IQAir, 42 of the world’s 100 most polluted cities are in East Asia, while the 15 most polluted cities in East Asia are all in China5.
In the past decade, China has continued to increase fixed asset investments in the manufacturing industry, registering an average growth rate of about 10% from 2010 to 2015 and over 5% from 2015 to 2019. Only in 2020 did the growth rate decrease by 2.2%. High investment has spurred a rapid development track. From 2012 to 2020, the added value of the manufacturing industry increased from 16.98 to 26.6 trillion yuan, roughly equaling 22.5% of the global share to nearly 30%6. China is until recently known as the “factory of the world”. However, compared with the advanced level of the world, China’s manufacturing industry is still large but not high efficiency. Furthermore, energy and resources are inefficiently utilized, resulting in environmental pollution. To realize the transformation, upgrading, and green development of China’s manufacturing industry, the Chinese central government presented Made in China 2025, a national plan, in 2015. Different from other environmental regulation policies, Made in China 2025 emphasizes five basic principles, including green development, innovation-driven, quality-first, structural optimization, and talent training. Most importantly, GI is woven into all five principles.
Made in China 2025 attempts to address low energy efficiency and environmental pollution in the manufacturing industry. Specifically, the manufacturing industry adheres to the principle of sustainable development, promoting energy-saving and environmental-friendly technologies, establishing a circular economy, creating green manufacturing systems, and striving toward ecological development. Further, it sets phased targets for reducing energy consumption, material consumption, and pollutant emissions in specific industries by 2020, as well as achieving world advanced levels by 2025.
Toward achieving green development, Made in China 2025 places green manufacturing as a priority area and establishes specific GI requirements for energy use, production process, and product life cycle of traditional manufacturing industry. With regard to energy use, it requires a reduction of energy consumption, material consumption, as well as water consumption, through technological innovation and management. For the production process, it contributes to the development of green technology and equipment, accelerating the application of effective and efficient processing technologies. In terms of green products, it involves promoting lightweight, low power consumption, and easy recycling technologies as well as increasing R&D in green products. Furthermore, it supports enterprises to develop green products, promotes ecological design, substantially raises energy conservation, environmental protection and low-carbon products, and guides green production and consumption. Moreover, it proposes initiatives to promote the green development of emerging industries, such as reducing energy and chemical consumption in the production and consumption of electronic information products, creating green data centers and green base stations, and vigorously promoting the green and low-carbon development of high-end equipment and biological industries of new materials, chemicals and energies.
2.2 Literature Review and Hypotheses
GI is derived from the conventional understanding of technological innovations in general as defined in the Oslo-Manual of the OECD and Eurostat. The definition considers three aspects of technological innovation: it has to be based on new technology knowledge, it has been already implemented (i.e., new products must have been introduced on the market or new processes must have been introduced in the firm), and it has to be new for the firm itself, not necessarily for the market (Ziegler and Nogareda, 2009). GI refers to the innovation of processes, technologies, practices, systems and products to minimize the energy use per unit of output, minimize the emission of pollutants, better meet the living needs of human beings and increase standards of living (Bai et al., 2021).
GI is vital to enhance environmental performance (Úbeda García et al., 2022) and boost economic performance (Chen et al., 2006). To achieve win-win outcomes for sustainable environmental management and economic development, it is imperative to examine the determinants of GI. In the last 2 decades, considerable research effort has been devoted to identifying the underlying causes of GI (Ghisetti and Pontoni, 2015) from both the internal and external perspectives of the enterprise.
From an internal perspective, researchers have mostly investigated whether enterprises possess the capabilities and motivation to promote GI. The former focuses on whether enterprises have enough green human resources (Singh et al., 2020; Song et al., 2021), firm slack (Huang and Chen, 2022), absorptive capacity (Gluch et al., 2009; Song et al., 2019), knowledge (Song et al., 2019; Shahzad et al., 2021) to promote GI. The latter mainly studies green strategy (Song and Yu, 2018), organizational identity (Chang and Chen, 2013; Song and Yu, 2018), CEO personal Traits (Arena et al., 2018) and compensation (Stanwick and Stanwick, 2001) on the effect of enterprises’ willingness to implement GI.
The studies from an external perspective mainly investigate the driving effect of market and non-market factors on enterprise GI. Market factors include customers (Du et al., 2018), suppliers (Chiou et al., 2011), networks (Bai et al., 2021; Zhao et al., 2021), and stakeholder (Huang et al., 2009; Kawai et al., 2018; Zhang and Zhu, 2019). When environmental externalities are not internalized effectively, the benefits of GI are insufficient to counterbalance the internal risks, which inhibits the initiative of GI (Rodrik et al., 2004). Therefore, for the promotion of GI, non-market forces are essential for encouraging and guiding innovation and providing resources and market information (Harrison et al., 2017). The non-market factors include different policies, such as environmental regulations (Zhang et al., 2019), financial policy (Yu et al., 2021; Zhang et al., 2022), and policy mix (Rogge and Reichardt, 2016; Rogge and Schleich, 2018).
Previous studies on the relationship between environmental policy and GI provided mixed evidences. Some studies argue that environmental policies may depress GI because enterprises will increase the cost of policy compliance, which will crowd out the resources for the development of GI products in financially constrained enterprises with limited internal resources and low access to external finance (Acemoglu et al., 2012). In contrast, some studies use the Porter hypothesis to show that environmental regulation increases firm creativity and performance (Porter and van der Linde, 1995; Zhang et al., 2019).
One of the main reasons for the inconsistent conclusions of the existing research on environmental policies is that the research object is a single or a combination of policies but not policy mixes. The policy mix involves not only just a combination of policy instruments but also includes the process by which these tools appear and interact (Rogge and Reichardt, 2016). This study conducts on the effect and mechanism of policy mix on GI using quasi-natural experiments in China. Following the study of Rogge and Schleich (2018), the consistency of different policies facilitates the achievement of GI. Made in China 2025 integrates the green transformation and the intelligent transformation policy of manufacturing industry. The former directly affects GI through the requirements of green development, and the latter indirectly improves GI through digital technology. This discussion led to formulation of the following hypothesis.
Hypothesis 1. Made in China 2025 positively affect GI.GI is characterized by high investment. Based on the resource dependence theory, enterprises are more willing to implement GI when they can obtain sufficient resources from outside. Industrial policies can help enterprises address resource challenges. Therefore, this study examines the two mechanisms of tax and government subsidies.Green product innovation can enhance the economic and environmental performance of enterprises, as evidenced by the success of China’s new energy vehicles. Nevertheless, given the high risk involved with GI, enterprises may be reluctant to invest in GI because of the substantial upfront investment. Tax may improve enterprises’ GI from the following two aspects. On the one hand, tax reduction is beneficial to solve the market failure caused by GI externalities and uncertainties of enterprises, thus promoting the innovation investment of enterprises. On the other hand, tax burden reduction provides favorable conditions for GI financing by increasing free cash flow and available earnings of enterprises. This discussion led to formulation of the following hypothesis.
Hypothesis 2. Made in China 2025 positively affect GI through tax mechanism.Made in China 2025 affects GI by enhancing environmental subsidies. An important peculiarity of GI is that it produces positive spillovers in both the innovation and diffusion phase (so-called double externality) which reduces the incentives for firms to invest. Government subsidies can cut the costs of GI and internalize the social benefits of GI (Rennings, 2000). In addition, due to the high cost of GI, government environmental subsidies can attract more market investment into GI. From a quasi-experimental study by Howell (2017) (Howell, 2017), an early-stage investment almost doubles the probability of receiving later venture capital, resulting in substantial patenting and revenue benefits. This discussion led to formulation of the following hypothesis.
Hypothesis 3. Made in China 2025 positively affect GI through a subsidy mechanism.Based on organizational identity theory, enterprises would improve their willingness to strengthen GI by improving their green identity. In light of this, this study believes that Made in China 2025 will enhance GI through CSR. CSR was defined as the notion that corporations have an obligation to constituent groups in society other than stockholders and beyond that prescribed by law or union contract (Jones, 1980). CSR studies believe “firms can ‘do well by doing good’“. Besides, CSR for stakeholders and non-stakeholder can lead to long-term competitiveness by creating sustainable resource positions and relationships (Bansal, 2005). To achieve financial performance, manufacturers may invest GI. Moreover, based on signal theory, a firm’s socially responsible actions signal as positive toward stakeholders and positively influence corporate reputation (Javed et al., 2020). GI pertains to corporate reputation. To establish a good reputation, enterprises tend to increase investment in technological innovation. This discussion led to formulation of the following hypothesis.
Hypothesis 4. Made in China 2025 positively affect GI through CSR mechanism.
3 METHODS AND DATA
3.1 Model Setting and Variables
To evaluate the impact of Made in China 2025 on GI, the following DID model is constructed in this study.
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To test the influence of policies on GI through tax mechanism, Eq. 2 is constructed in this study.
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To test the influence of policies on GI through the government subsidies mechanism, Eq. 3 is constructed in this study.
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To test the influence of policies on GI through the CSR mechanism, Eq. 4 is constructed in this study.
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In Eqs 1–4, i represents the enterprise and t indicates the year. The dependent variable [image: image] represents GI of enterprise i in the year t [image: image] indicates that the enterprise was affected by the Made in China 2025 in year t. As Made in China 2025 is a policy mainly aimed at manufacturing industry released in 2015, the value of did is 1 if it belongs to the manufacturing industry7 and was established after 2015, otherwise 0. The variable [image: image], [image: image], [image: image] represents tax, government subsidies, and comprehensive score of corporate social responsibility of enterprise i in the year t respectively. Additionally, [image: image] serves as the control variable. [image: image] represent the fixed effect of the individual, year, and city, respectively. Also, [image: image] is the random error. [image: image] is the constant.
GI is measured by the number of green patent applications which is an extensively employed measurement of GI. Compared with using the proportion of the number of green patents, using the number of green patents can verify the GI effect of the policy more directly (Du et al., 2021). In addition, using the amount of green patent applications rather than the amount of authorized green patents is more conducive to reflecting the policy incentive effect. To further examine the robustness of Eq. 1, the amount of authorized green patents is employed as the dependent variable. ETR is equal to enterprise income tax payable divided by enterprise profit. SUB is equal to government subsidies divided by enterprise revenue. Besides, CSR is the comprehensive score of corporate social responsibility.
Since enterprises’ resource status, social responsibility attitude, and media supervision have an impact on GI, the control variables are financial leverage, sustainable growth rate, sales expense growth rate, profit, environmental management certification, environmental protection information disclosure, media attention.
3.2 Sample Selection and Data Sources
China’s manufacturing industry has transitioned from extensive development to intensive development with an emphasis on sustainable development and green technologies. Therefore, this study employs enterprises in listed manufacturing industries in China as samples. This study employs the following steps to determine the study sample. As a first step, a sample of manufacturing enterprises should be obtained. According to the Chinese Securities Regulatory Commission’s industry classification regulations for 2012 along with the revised Three Industry Division Regulations (2012) in 2018, we identify a sample of manufacturing enterprises listed in the China Stock Market & Accounting Research Database (CSMAR). Second, we will remove listed enterprises with special treatment (ST) and *ST, as well as enterprises that have not publicly disclosed their CSR.
The dependent variables are derived mainly from annual reports of listed companies and the China Patent Database launched by the China National Intellectual Property Administration. The authors manually match listed company patents with the Green List of International Patent Classification launched by the World Intellectual Property Organization (WIPO).
The control variables of enterprises in this study are derived mainly from the CSMAR. The environmental management certification and environmental protection information disclosure are derived from annual reports and CSR reports of listed companies. Media attention is the sum number of corporate news stories in the financial press and on the Internet.
Above all, Table 1 provides statistical descriptions of the variables in this study.
TABLE 1 | Descriptive statistics of main variables.
[image: Table 1]4 EMPIRICAL RESULTS
4.1 Baseline Results
Table 2 reports the empirical regression results of model 1). Column 1 does not contain any control variables, whereas column 2 does include control variables. Moreover, columns 1 and 2 both control the fixed effects of firm, city, and year. After adding the control variables, the coefficient of the did is still significantly positive at the 1% confidence level, indicating that made in China 2025 can considerably promote GI. Hypothesis 1 is supported.
TABLE 2 | Benchmark regression.
[image: Table 2]The coefficient of Asset is significantly positive, and the Lev is positive but insignificant, because resource redundancy provides power for enterprise green process innovation. The coefficients of Profit, Growth, and Cost are all negative but insignificant, because of the high investment and risk of GI, enterprises with high profitability and fast development are more reluctant to take risks. The coefficient of disclosure is significantly positive, while the coefficient of ISO is positive but insignificant because enterprises with strong social responsibility are conductive to GI. The coefficient of media is positive but insignificant, because media supervision is the external pressure of GI.
4.2 Parallel Trend Test
To examine the effectiveness of the DID model, this study conducts parallel trend test on GI in the treatment group and the control group (Kahn-Lang and Lang, 2020). This study draws an estimated coefficient graph (see Figure 1) to visually show the parallel trend of GI. The abscissa represents the time point. The year 2015 is the policy occurrence period and normalized to 0. Before the implementation of the policy, the coefficient was not significant, indicating insignificant difference between the treatment group and the control group. [image: image] is the year 2013, namely the year before the last of the policy. [image: image] is the year 2016, namely the next year of the policy. After the year 2015, the coefficient is significantly positive and increasing, indicating that Made in China 2025 does have a significantly increasing promoting effect on the treatment group.
[image: Figure 1]FIGURE 1 | Parallel trend test.
4.3 Robustness Tests
4.3.1 Excluding Other Policies’ Interference
Low Carbon City Pilot Policy (Du et al., 2022) and the Carbon Emission permit trade mechanism (Du et al., 2021) can induce GI. Therefore, this study supports the effectiveness of the DID model using the sample after removing the two policy pilot cities. Columns 1 and 2 of Table 3 show the regression results respectively after excluding low carbon pilot city and carbon emission trading pilot city. The coefficient of DID is all significantly positive, indicating that the policy effect is still robust.
TABLE 3 | Regression results after excluding other policy interference.
[image: Table 3]4.3.2 Replacing the Explained Variable
The empirical result after replacing green patent application with green patent authorization is shown in column 1 of Table 4. The coefficient of did is significantly positive, indicating that the policy does have a significant effect on GI. The green patent authorization reflects the achievements of GI, so the result indicates that the made in China 2025 plays a substantial role in GI. Enterprises do not just pay attention to symbolic GI to obtain subsidies and ignore the achievements of GI.
TABLE 4 | Regression results after replacing the dependent variable.
[image: Table 4]4.3.3 Excluding Some Observations
Considering the impact of special events on GI, the robustness of the model was supported after deleting the observations of the year 2010, 2014, and 2016, because Expo 2010 Shanghai China was held in Shanghai, the APEC Summit was held in Beijing in 2014 and the G20 Summit was held in Hangzhou in 2016. The empirical results after deleting these observations are shown in column 2 of Table 4, indicating that the model is still robust.
4.3.4 PSM-DID
Since the treatment group and the control group are from different industries, which may lead to the bias of DID regression results, this study further adopts the PSM-DID model for empirical analysis. Logit regression is conducted on the treatment group and the control group using firm characteristics variables, such as asset, cost, growth, media attention, ISO, and so on. Then, this study employs the predicted value of logit regression as the score and applies the nearest neighbor matching, radius matching, and kernel matching methods to match the sample. Regression results are shown in columns 1, 2, and 3 of Table 5. The results are consistent with the baseline regression results, which further verifies the robustness of the model.
TABLE 5 | Regression results of PSM-DID.
[image: Table 5]4.3.5 Placebo Test
Referring to Lu et al. (Lu et al., 2017), a non-parametric replacement test is employed to test both randomized events and randomly grouped placebo. To ensure the randomness of counterfactuals and the reliability of analysis results, 500 random samples were carried out in this study. Figure 2 plots the probability density distribution, where the abscissa is the estimated coefficient value and the ordinate is the kernel density of the coefficient distribution. The coefficients obtained by random sampling are mainly distributed around 0. The real coefficient value in the baseline model is 0.1375. Counterfactual tests have once again demonstrated that made in China 2025 does promote GI.
[image: Figure 2]FIGURE 2 | Placebo test.
4.4 Mechanism Tests
4.4.1 Tax Mechanism
As shown in column 1 of Table 6, [image: image] is significantly positive, indicating that enterprises with a higher proportion of tax payment have a stronger effect of policies on GI. Enterprises with higher tax rates have enough capital to pursue GI because they are larger and more profitable than companies with lower tax rates. Hypothesis 2 is supported.
TABLE 6 | The results of mechanism tests.
[image: Table 6]4.4.2 Government Subsidies
As shown in column 2 of Table 6, [image: image] is significantly positive, indicating that the higher the government environmental protection subsidy is, the stronger the policy effect is. The government can supplement enterprises’ GI resources through environmental protection subsidies to enhance enterprises’ GI ability. Hypothesis 3 is supported.
4.4.3 CSR
As shown in column 3 of Table 6, [image: image] is significantly positive, indicating that the higher CSR, the stronger the effect of policies on GI. GI is a responsible behavior for the environment and society. Under the incentive of government policies, enterprises with high CSR will carry out GI more actively. Hypothesis 4 is supported.
4.5 Heterogeneity Analysis
Due to the filtering effect of corporate nature on policy effect, this study considers the influence of corporate governance differences and regional disparities on policy effect.
4.5.1 Differences in the Ratio of Independent Directors
Independent directors can achieve win-win solutions between enterprises and shareholders. The higher the proportion of independent directors, the higher the degree of supervision, and the higher the degree of responsibility sharing. Column 1 of Table 7 shows the impact of the difference in the proportion of independent directors on the policy effect. The interaction coefficient is considerably negative, indicating that the higher the proportion of independent directors, the weaker the policy effect. Based on social identity theory, the more independent directors there are, the less risk they will lose their reputation for not being green enough.
TABLE 7 | Heterogeneity analysis.
[image: Table 7]4.5.2 Share Heterogeneity
As the state has ownership or control power over state-owned enterprises, the government’s will and interests will determine the behavior of state-owned enterprises. Compared with non-state-owned enterprises, state-owned enterprises carry out national policies more vigorously. In addition, state-owned enterprises can obtain more policy support, and generally have more resources to carry out GI. Therefore, this study analyzes the policy effect of share heterogeneity. Columns 2 and 3 of Table 7 show the regression results of non-state-owned enterprise and state-owned enterprise samples respectively. Although the did coefficient in the samples of state-owned enterprises and non-state-owned enterprises is markedly positive, the former is more significant than the latter.
4.5.3 Regional Disparities
Due to the innovation capacity and technological development level and the investment of knowledge capital (Li, 2009) of eastern China being higher than the central and western China, the central and western China has a better foundation for policy implementation and responds more actively to national policies. The last two columns of Table 7 show the regression results of samples from eastern China and central and western China. The did coefficients in eastern China are significantly positive, but the DID coefficients in central and western China are not significant.
5 CONCLUSION AND MANAGEMENT IMPLICATIONS
In addition to improving economic performance, GI can also improve environmental performance. As a consequence, it is imperative for enterprises to undergo a transformation and upgrade. Theoretically, good policies may achieve a win-win situation between economic development and environmental protection. Nonetheless, in light of the conflict between economic development and environmental protection, as well as the uncertainty of policy implementation, there is no theoretical basis for whether policies can definitely stimulate GI. To address this gap, this study employs Made in China 2025 as a quasi-natural experiment as well as the DID method to explore the effect and mechanism of industrial policies on GI. The conclusions are as follows: first, through the model’s fundamental regression and various robustness tests, this study shows that Made in China 2025 can significantly improve the GI of manufacturing enterprises. Made in China 2025 is a mixed industry policy, its sub-policies can promote GI; Second, Made in China 2025 promotes GI through resource allocation and corporate social responsibility. This policy not only affects enterprises’ resources for GI in the form of taxes or subsidies but also affects enterprises’ motivation for GI through corporate identity represented by CSR. Third, the policy has different effects with respect to share, the proportion of independent directors, and regions. Enterprises located in the eastern region, state-owned and with a high proportion of independent directors are more willing to carry out GI.
This study provides several implications for government green governance and green transformation of enterprises. There are two suggestions for the government's green governance. On the one hand, Made in China 2025 contributes significantly to improving GI in the manufacturing industry and realizing green development. Therefore, the implementation should be promoted continuously. On the other hand, when exerting policy tools, the government should not only make full use of tax and subsidies in resource allocation but also consider the role of CSR in enterprises’ response to policies. Suggestions on green transformation of enterprises include as follows. First of all, manufacturing enterprises in green transformation should actively respond to Made in China 2025 and make full use of policy bonuses to improve GI performance. Second, enterprises should take full advantage of the government’s tax exemption and environmental subsidy funds to achieve the GI strategy. Finally, enterprises should pay attention to CSR and make it an endorsement for policy support.
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3http://olap.epsnet.com.cn/auth/platform.html?sid=20F0C1DE91151720AF67B2724936A499_ipv442983543&cubeId=1371, 2020 (accessed 20 April 2022).
4https://epi.yale.edu/downloads/epi2020report20210112.pdf, 2020 (accessed 20 April 2022).
5https://www.iqair.cn/world-most-polluted-cities/worldair-quality-report-2020-en.pdf, 2020 (accessed 20 April 2022).
6https://www.miit.gov.cn/gzcy/zbft/art/2021/art_2c3a8ad0b43640e598ae646f809c6ab2.html, 2021 (accessed 20 April 2022).
7The standard of Industrial Classification of National Economy (2017 edition).
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Achieving high-quality economic development is a crucial feature of China’s new development stage. As an environmental regulation tool by implementing a differentiated credit policy, green credit is an inevitable choice to achieve high-quality economic development. In this paper, ecological welfare performance is used to measure the level of high-quality economic development. And based on the panel data of 30 provinces during 2008–2019, the spatial Durbin model and mediating effect model are used to empirically study the direct and indirect effect of green credit on ecological welfare performance in China. The results show that: (1) China’s ecological welfare performance shows the positive global spatial correlation in the overall spatial scope, with local characteristics of high–high aggregation and low–low aggregation. (2) Green credit can significantly promote the ecological welfare performance of local regions, but has a negative spatial spillover effect on the ecological welfare performance of adjacent regions. (3) Green credit can boost ecological welfare performance by improving technological innovation, industrial structure upgrading, and energy consumption structure. Based on these conclusions, the policy recommendations are put forward.
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1 INTRODUCTION
Since entering the 21st century, China’s economic output has grown rapidly. China’s overall GDP expanded from 1.21 trillion dollars to 17.72 trillion dollars between 2000 and 2021, propelling it from sixth to second place in the globe (Han et al., 2018). The extensive development model generated from rapid economic expansion has resulted in negative development difficulties, such as low resource utilization, environmental degradation, low welfare output, and so on (Liu and Lin, 2019). For instance, in comparison to 2000, total energy consumption in 2020 increased by 256.55%. And sulfur dioxide emissions, chemical oxygen demand discharge, and industrial solid waste production totaled 3.18 million tons, 25.65 million tons, and 3.68 billion tons, respectively in 2020. China’s economy is currently transitioning from a high-speed growth stage to a high-quality development stage (Liu et al., 2021). The Sixth Plenary Session of the 19th Central Committee of the Communist Party of China (CPC) stated that high-quality economic development, in which green development has become a common form, should be realized. However, achieving high-quality economic development that considers social welfare output, resource conservation, and environmental protection is a difficult task for Chinese society (Zhao X. et al., 2022).
The Chinese government has released a number of measures aimed at achieving high-quality economic growth. The 19th National Congress of the CPC clearly stated that the growth of green finance is one road to achieving high-quality economic development (An et al., 2021), which is compatible with the worldwide financial community’s practical experience (Zhang S. et al., 2021). Moreover, it is estimated that the balance of green credit accounts for more than 90% of the total balance of green financing in China (Scholtens and Dam, 2007), as a result of the bank-dominated character of China’s financial system. Green credit is a new form of environmental regulation tool that can realize environmental protection by implementing differentiated credit policies for different enterprises (Zhang, 2021). Usually, it offers lower loan interest rates and credit support for clean and environmentally friendly enterprises. While on the contrary, it imposes tighter credit exposure for high-energy consumption and heavy pollution enterprises (Song et al., 2021). As the starting point to assist the construction of ecological civilization, green credit plays an important role in fostering the high-quality economic development in China.
At present, the urgent problem to be solved on the road to achieving high-quality economic development is to realize the balanced and coordinated development of resources, environment and welfare output. As the comprehensive performance indicator that can simultaneously characterize resource input, environmental pollution, and social welfare, ecological welfare performance (EWP) cannot only provide the quantitative standard for the level of high-quality economic development, but also provide a reference for policy formulation (Feng et al., 2019). Therefore, revealing the specific impact of green credit on EWP from both theoretical and empirical aspects, and further analyzing its transmission mechanism, is of considerable value for advancing the green transformation of the economy and achieving high-quality economic development.
This paper uses 30 provinces during 2008–2019 in China as research samples to explore the impact and the specific transmission mechanism of green credit on EWP. First, this paper theoretically analyzes the effect and transmission mechanism of green credit on EWP based on relevant theories, and makes hypotheses. Second, on the basis of utilizing Super-SBM DEA to measure EWP and conducting Moran’s I tests, the spatial Durbin model is selected to analyze the local impact and spatial spillover effect of green credit on EWP. Third, the mediating effect model is constructed to test the mediation effect of technological innovation, industrial structure upgrading, and energy consumption structure. Finally, this paper conducts robustness testing, and proposes policy recommendations based on conclusions.
The paper consists of 6 sections. Section 1 is the introduction. In Section 2, the literature review of the impact of green credit on EWP is provided shortly. Section 3 theoretically analyzes the impact mechanism of green credit on EWP, and puts forward hypotheses. In Section 4, the data and empirical methods are introduced. The empirical results of regression models are represented in Section 5. The conclusion and policy recommendations are discussed in Section 6.
2 LITERATURE REVIEW
This paper adopts the EWP to evaluate the level of high-quality economic development, and then studies the impact and specific transmission path of green credit on EWP. Based on the research content, the literature review is conducted from two aspects of EWP and green credit.
2.1 Research on ecological welfare performance
The proposal of EWP can be traced back to Daly’s evaluation method of measuring the level of regional sustainable development by the welfare output brought by unit resource consumption (Daly, 1974). On this basis, in order to measure the efficiency level of converting unit resource consumption into social welfare output, Zhu (2008) proposed the concept of EWP for the first time, and used the ratio of human development index to ecological footprint for computation. Starting from this, scholars have conducted in-depth research on the measurement methods, regional differences, and influencing factors of EWP. And considering EWP is a comprehensive indicator of social welfare that takes resource consumption and the ecological environment into account, many scholars used EWP to measure the level of green development (Hu M. et al., 2021; Song and Mei, 2022) and high-quality economic development (Wang and Feng, 2020).
First, in terms of the choice of measurement methods, there are two main methods for measuring EWP in the existing literature. The one is Data Envelopment Analysis (DEA) model and Stochastic Frontier Production model. For example, based on the EWP evaluation index system, some scholars used the Super-SBM DEA model (Bian et al., 2020; Wang et al., 2021), and Super-NSBM model that considers undesired output to measure the EWP (Hou et al., 2020). And Xiao and Zhang (2019) used Stochastic Frontier Production model to estimate the level of EWP in China. Another one is to use the definition ratio method to measure the EWP by the ratio of resource consumption to social welfare output (Knight and Rosa, 2011; Dietz et al., 2012; Zhang et al., 2018). For instance, some literature utilized per capita ecological footprint to measure resource consumption, and chose life expectancy, average happiness index, or human development index to measure welfare output. Second, on the basis of measuring EWP, some scholars have explored the different distribution pattern of regional level of EWP (Long et al., 2020; Yao et al., 2020; Hu M. et al., 2021). For example, Deng et al. (2021) found that the spatial distribution pattern of EWP in China was the strongest in the eastern region and weak in the central and western regions. Third, in the study of influencing factors of EWP, some scholars have pointed out that economic contribution rate (Jorgenson and Dietz, 2015), industrial structure upgrading (Li et al., 2019), technological innovation (Cheng and wang, 2022), resource recycling (Geng, 2020), etc. all significantly impact on EWP.
2.2 Research on green credit
In 2007, the concept of green credit was proposed in the “Opinions on Implementing Environmental Protection Policies and Regulations to Prevent Credit Risks” jointly issued by the State Environmental Protection Administration of China, the People’s Bank of China and the China Banking Regulatory Commission (Cao et al., 2021; Liu and He, 2021). In 2012, the “Green Credit Guidelines” formulated by the China Banking Regulatory Commission further strengthened the implementation of green credit policies (Hu G. et al., 2021). At now, the study on green credit largely focuses on two aspects: theoretical research and influencing effect.
First, in terms of theoretical study, several scholars have undertaken in-depth research on the operation mechanism, institutional innovation and risk management of green credit (Zhang et al., 2011; Xing et al., 2020; Xu, 2020; Zhu et al., 2021). Then based on the calculation and evaluation of its cost benefit and efficiency (Lin et al., 2020; Wen et al., 2021), some papers have taken the reform pilot area as an example to further explore the appropriate development path of green credit (Wang and Lin, 2021), and have proposed suggestions for promoting the development of green credit in China. Second, the research on the influencing effect of green credit largely focuses on micro and macro issues. On the one hand, research from the microscopic perspective mainly focuses on the impacts of green credit on the operational performance of commercial banks (Yin et al., 2021; Zhou et al., 2021), corporate technological innovation (Hong et al., 2021), and investment efficiency (Wang et al., 2020; Yao et al., 2021). On the other hand, most studies from the macro perspective focus on the impact of green credit policy on regional Total Factor Productivity (TFP) (Hu et al., 2022), technological innovation (Tan et al., 2022), industrial structure upgrading (Hu et al., 2020), energy consumption structure (Ma X. et al., 2021), etc.
Essentially, the green credit policy is a means of environmental regulation. At present, the literature on the impact of environmental regulation on high-quality economic development is abundant, but has different conclusions. For instance, some studies have found that environmental regulation policies may greatly promote the level of green and high-quality economic development (Chen et al., 2020). Some papers suggest that environmental regulation has a nonlinear influence on green innovation (Liu et al., 2022) and the development of green economy (Shuai and Fan, 2020; Wang, 2020; Ma and Xu, 2022). And some scholars pointed out that the implementation of environmental regulations will bring spatial spillover effects to high-quality economic development in adjacent areas (Feng and Chen, 2018). However, little literature has deeply explored the effect of environmental regulation on the level of high-quality economic development from the perspective of green credit policy.
Combing the above-related literature, it is found that the existing research mainly focuses on the following three aspects. First, the current analysis of the impact of green credit mainly focuses on micro levels, such as banks and firms. And most of the literature mainly discusses the effect of green credit on the development of local areas, without considering its spatial spillover effect. Second, existing studies mostly use indicators, such as green economic growth and green total factor productivity to measure the level of high-quality economic development (Hu Z. et al., 2021; Sun et al., 2022), and rarely use EWP for analysis. Third, most of the literature only analyzes the direct effect of green credit on high-quality economic development, but does not deeply analyze its specific transmission path.
In contrast, this article may contain the following three contributions. First, this article evaluates, from a macro viewpoint, the impact of green credit policies on the high-quality economic development of the local regions and the spatial spillover impact on adjacent regions using the spatial Durbin model. Second, this research analyzes the level of high-quality economic development from the standpoint of EWP by constructing an EWP evaluation index system that takes into account resource consumption, environmental pollution, and welfare output comprehensively. Third, the article employs the mediating effect model to investigate the transmission channel of the influence of green credits on EWP in terms of technological innovation, industrial structure upgrading, and energy consumption structure.
3 THEORETICAL ANALYSIS AND HYPOTHESES
This part theoretically discusses the direct effect of green credit on EWP, and also analyzes the indirect transmission effects of technological innovation, industrial structure upgrading, and energy consumption structure. The specific effect mechanism is shown in Figure 1.
[image: Figure 1]FIGURE 1 | The effect mechanism of green credit on EWP.
3.1 The direct effect of green credit on ecological welfare performance
Green credit influences the external financing channels of firms by applying differentiated credit rules for environmental protection enterprises and two-high enterprises (high-energy-consuming enterprises, high-pollution enterprises) (Zhang et al., 2021a). This can bring both macro and micro economic effects. From the macro perspective, green credit can change the flow of funds. It enables financial institutions to provide preferential loan interest rates and increase loan quotas for energy-saving enterprises and environmental protection enterprises, but truncate part credit funds of two-high enterprises (Chai et al., 2022; Zhang and Kong, 2022). Therefore, energy-saving enterprises and environmental protection enterprises can obtain sufficient funds to continuously improve the implementation of environmental protection projects (Cui et al., 2022). Furthermore, in order to prevent being eliminated by the market, the two-high enterprises are forced to enter the environmental protection industry through internal technology upgrading (Zhang et al., 2022b). This is helpful in optimizing the macroeconomic structure, fostering the growth of energy-efficient industries, and further enhancing EWP. From the micro perspective, on the one hand, green credit provides financial support for the operation, technical research and market application of environmental protection enterprises, which can ease external financing limitations and improve operational efficiency (Feng and Shen, 2021). On the other hand, to protect the security and profitability of funds, commercial banks and other financial institutions would increase their supervision of lending firms or projects, which can enhance the efficacy of capital allocation (Wen et al., 2021), boost welfare output, and ultimately improve EWP.
In addition, according to the pollution shelter effect (Ouyang et al., 2020), to meet business demands or get loan financing, two-high firms would transfer across areas, which might exacerbate environmental degradation and diminish the welfare output of adjacent regions. Based on the above analysis, Hypothesis 1 is proposed.
Hypothesis 1. Green credit can promote the level of local EWP, and have a negative spatial spillover effect on EWP of adjacent regions.
3.2 The indirect impact of green credit on ecological welfare performance
3.2.1 The mediation effect of technological innovation
First, in response to green credit rules, financial institutions such as banks may enhance credit assistance for environmental protection enterprises, which might alleviate the lack of funds (Wang F. et al., 2019). The growth of financing scale can allow environmental protection firms to expand more in equipment replacement and environmental protection technology research and development. The increase in R&D expenditure may further improve the efficiency of resource utilization, stimulate the generation of new knowledge and technologies, and promote regional technological innovation (Pan et al., 2021). Second, in order to fulfill market demand, polluting firms would moderately raise R&D expenditure to enhance the efficiency of green technology innovation (Ma Q. et al., 2021). Finally, when enterprises are confronted with the innovation compensation effect, in which the cost of pollution treatment and credit exceeds the investment in technology, they will improve or update technical equipment to achieve clean process development, which is advantageous for fostering technological innovation.
On the one hand, by enhancing the manufacturing process, technological innovation may accomplish resource recycling and pollution control (Velenturf and Jopson, 2019), which can minimize resource consumption and pollutant discharge. On the other hand, with the constant transformation of environmental protection technology, high-polluting firms are gradually eliminated from the market. But environmental protection firms with low pollution and high added value are growing their share in the market (Tian et al., 2022). This is favorable to the green transformation of the industrial structure and the development of social welfare. To sum up, technological innovation may enhance resource utilization efficiency and welfare output, and minimize environmental pollution, which is beneficial to the improvement of EWP. Based on the above analysis, Hypothesis 2 is proposed.
Hypothesis 2. Green credit can promote the EWP through technological innovation.
3.2.2 The mediation effect of industrial structure upgrading
Capital is a necessary factor for the establishment, survival, and development of enterprises. In order to alleviate internal financial limitations during the phases of manufacturing, operation, and scaling up, businesses must utilize bank credit for external funding. First, green credit enables environmental protection enterprises to obtain sufficient funds to maintain the development and upgrading of existing projects, then expand their scale continuously (Chen et al., 2022). On the contrary, due to the absence of availability of loan funds, the normal operation and scale expansion of two-high enterprises are constrained (Wang E. et al., 2019). Two-high enterprises would alter their internal structures in order to get loans, which would be beneficial to industry transformation and upgrading (Cheng et al., 2021). Second, the propensity loan policy of commercial banks also sends a signal to the market that the government supports the development of the green economy, which can not only indicate the direction of the development of emerging enterprises, but also can reduce the market share of the high-polluting industries. This signal may boost the growth and prosperity of the energy-saving and environmental protection sector, as well as the upgrading of industrial structures (Li and Chen, 2022).
With the upgrading of the industrial structure, the allocation efficiency of production factors has steadily increased, which is favorable to increasing the TFP and the social welfare output level. And due to the associated technology spillover effect (Huang et al., 2019), environmental protection enterprises may transmit knowledge and technology to other polluting firms through labor mobility and technology sharing, which can effectively increase resource utilization, reduce environmental pollution, and boost EWP. Therefore, Hypothesis 3 is proposed.
Hypothesis 3. Green credit can promote the EWP through industrial structure upgrading.
3.2.3 The mediation effect of energy consumption structure
The green credit policy favors low energy-consumption and low-pollution enterprises. In order to acquire loans, economic organizations will prefer to employ clean and renewable energy to replace fossil energy in production (Zhang et al., 2021b), which can minimize production pollution and optimize energy consumption structure. In addition, the implementation of green credit forces enterprises to carry out technological innovation and implement traditional energy transformation (Guo et al., 2019), which can promote the transformation of social energy consumption to a clean consumption reduction model. The clean transformation of the energy consumption structure may enhance the efficiency of energy utilization and minimize the production pollution output, which can assist in improving the EWP of the society. Therefore, Hypothesis 4 is proposed.
Hypothesis 4. Green credit can promote the EWP through optimizing energy consumption structure.
4 METHODS AND DATA
This article chooses the spatial Durbin model and the mediating effect model to empirically test the proposed hypotheses. The specific model selection, indicator measurement methods, and data sources are as follows.
4.1 Spatial autocorrelation analysis
4.1.1 Global spatial autocorrelation
In order to measure the global spatial distribution characteristics of China’s EWP, global spatial autocorrelation index (Moran’s I) is chosen (Li and Li, 2020). And the specific calculation method is shown in Eq. 1.
[image: image]
where n is the number of space observation units; [image: image] and [image: image] stand for the specific data of space observation units [image: image], [image: image]; [image: image] is the mean of all spatial unit data; [image: image] represents spatial weight matrix. The value range of Moran’s I index is between [−1, 1]. When the Moran’s I value is equal to 0, it means that there is no spatial correlation between observation units. When the value is larger than zero, the spatial correlation between observation units is positive; otherwise, the spatial correlation between observation units is negative (Sun et al., 2021).
4.1.2 Local spatial autocorrelation
In this article, the local spatial autocorrelation features of China’s EWP are analyzed using Moran’s scatter plot. The Moran scatter plot divides the plane area into four quadrants corresponding to the four spatial distribution characteristics. The first and third quadrants stand for high–high aggregation and low–low aggregation, respectively, indicating that areas with high (low) observed values are surrounded by areas with high (low) observed values. The second and fourth quadrants represent low–high aggregation and high–low aggregation, which indicates that areas with low (high) values are surrounded by areas with high (low) observed values. The first and third quadrants represent a positive spatial correlation between observation units, implying that provinces with similar EWP values are clustered. Conversely, the second and fourth quadrants indicate a negative spatial correlation.
4.2 Econometric models construction
4.2.1 Spatial weight matrices
Four types of spatial weight matrices, including the spatial adjacency weight matrix, the geographic distance weight matrix, the economic distance weight matrix, and the nested weight matrix, are constructed for empirical analysis based on the research content and existing literature.
4.2.1.1 Spatial adjacency weight matrix
Based on the Queen adjacency rule (Yan et al., 2017), the spatial units with common boundaries or common vertices are defined as adjoining units. The specific calculation method is shown in Eq. 2:
[image: image]
4.2.1.2 Geographic distance weight matrix
In light of the fact that the influence strength of spatial effect is negatively correlated with the distance between spatial units, and in order to mitigate the decay speed of spatial effect with increasing distance, the square of reciprocal geographical distance ([image: image]) is chosen to construct the geographic distance weight matrix. Where [image: image] is calculated based on the latitude and longitude data. The specific calculation method is shown in Eq. 3:
[image: image]
4.2.1.3 Economic distance weight matrix
Due to the fact that geographical factors are not the only factors that produce spatial effects, spatial units with similar levels of economic development have greater opportunities for cooperation and exchange. Consequently, their spatial effects become more potent. Therefore, referring to the method of Pingfang et al. (2011), the economic variable X of different spatial units is selected to construct the economic distance weight matrix. The specific calculation method is shown in Eq. 4:
[image: image]
where [image: image] is the economic variable of space unit [image: image], which is measured using real GDP per capita; [image: image] represents the economic variable of the set of space units that share common boundary or vertices with space unit [image: image].
4.2.1.4 Nested weight matrix
In order to accurately describe the complexity of spatial effects brought by both geographical and economic factors, the nested matrix that organically combines the economic weight matrix and the geographical weight matrix is constructed. The specific calculation method is shown in Eq. 5:
[image: image]
where wd represents the geographic distance weight matrix; diag (…) stands for the diagonal matrix; [image: image], [image: image] is the mean value of the spatial unit economic variable X during the time period t0-t1; [image: image], [image: image] indicates the mean value of economic variable X of all spatial units during the investigation period.
4.2.2 Spatial econometric model
In consideration of the spatial autocorrelation characteristics of EWP, this article employs the spatial econometric model to assess the effect of green credit on EWP (Zhao P. et al., 2022). Before conducting the empirical analysis, this study firstly conducts LM test, LR test, and Hausman test based on panel data (Xie et al., 2021). The results are shown in Table 1.
TABLE 1 | Spatial econometric model testing.
[image: Table 1]In Table 1, the result of LM test shows that the models accept both the spatial lag model and the spatial error model at the 1% significance level under the geographic distance weight matrix and the nested matrix. Therefore, the spatial Durbin model combining the spatial lag model and the spatial error model should be considered. And according to the LR test, the spatial Durbin model cannot be degenerated into the spatial error model and the spatial lag model. The result of Hausman test suggests that the model with fixed effects should be chosen. To sum up, based on the test results in Table 1, it is reasonable to choose the spatial Durbin model with fixed effects for empirical analysis. The specific regression model is shown in Eq. 6.
[image: image]
where [image: image] is the ecological welfare performance; [image: image] represents the spatial autoregressive coefficient of EWP; [image: image] stands for the spatial weight matrix; [image: image] indicates the spatial lag term of the EWP; [image: image] is green credit; [image: image] shows the impact of green credit on the EWP of local regions; [image: image] is the spatial lag term of green credit; [image: image] indicates the impact of green credit on the EWP of adjacent regions; [image: image] is the set of control variables; [image: image] represents the impact of control variables on the EWP of local regions; [image: image] stands for the spatial lag term of control variables; [image: image] represents the impact of control variables on the EWP of adjacent regions; [image: image] is fixed effects; [image: image] denotes random error term.
4.2.3 Mediating effect model
In addition, in order to analyze the specific indirect transmission mechanism of green credit on EWP, referring to the research of Wen and Ye (2014), the mediating effect model is constructed for empirical analysis. The specific regression models are shown in Eqs. 7, 8.
[image: image]
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where M represents the mediating variables, including technological innovation (Tec), industrial structure upgrading (Isa), and energy consumption structure (Es); [image: image] is the spatial regression coefficient; control represents the set of control variables; other symbols are consistent with Eq. 6.
4.3 Index introduction and data sources
4.3.1 Explained variable
Ecological welfare performance (EWP): Based on the principles of systematic and operability, with reference to the method of Long (2019), the EWP evaluation index system is constructed from three dimensions: resource consumption, environmental pollution, and welfare output. On the basis of using the entropy weight method to reduce the dimensionality of the three-level indicators, the Super-SBM DEA model considering undesirable output is chosen for calculation. The evaluation index system of EWP is shown in Table 2.
TABLE 2 | The evaluation index system of EWP.
[image: Table 2]4.3.2 Explanatory variable
Green credit (Gcl): The existing measurement methods of green credit are as follows. The first is the proportion of energy conservation and environmental protection project loans; the second is the proportion of green credit; the third is the proportion of bank loans in pollution control investment; the fourth is the proportion of interest expenses in six high-energy-consuming industries to the total interest expenditure of the industry. Among them, the data on energy conservation and environmental protection loans, green credits come from the Social Responsibility Report of the Commercial Bank of China, which is lacking for province data. After 2010, bank loans for pollution control investments were no longer counted. Therefore, the first, second, and third methods cannot be used. Referring to the research of Xie and Liu (2019), the fourth method is selected to measure green credit. However, the result of the fourth method is a negative indicator, that is, the higher the proportion of interest expenses in the six energy-intensive industries, the lower the level of green credit. In order to analyze the effect of the data directly, the difference method is employed to turn it into a positive indicator.
4.3.3 Mediating variables
Technological innovation (Tec): Since patents are an important activity output of technological innovation, the number of patent authorizations is used to estimate the level of technological innovation.
Industrial structure upgrading (Isa): This article measures the level of Isa referring to the research method of Fu (2010). First, the GDP is divided into three parts according to three kinds of industries. The proportion of each part of the added value to GDP is used as a component in the space vector. These three components form a set of three-dimensional vectors X0: (x1,0, x2,0, x3,0). Second, according to Eq. 9, the angles [image: image], [image: image], [image: image] between X0 and the vectors X1 = (1, 0, 0), X2 = (0, 1, 0), X3 = (0, 0, 1) are calculated. Finally, the level of Isa is calculated according to Eq. 10. The larger the Isa, the higher the level of industrial structure upgrading.
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Energy consumption structure (Es): Referring to the research method of Shaohua et al. (2015), this paper chooses the ratio of energy consumption other than coal to total energy consumption to measure the level of Energy consumption structure. And the amount of energy consumption is calculated according to the conversion factor of standard coal. The larger the ES value is, the more optimized the energy consumption structure is.
4.3.4 Control variables
Existing studies have pointed out that factors, such as urbanization, economic scale, fiscal expenditure, industrial structure, and environmental regulation all have an impact on ecological welfare performance (Naigang and Lin, 2021; Yuanjian et al., 2021). Therefore, in order to alleviate the endogeneity problem of empirical analysis, this article selects these variables as control variables. The specific calculation method is as follows.
Urbanization level (Urb): measured by the ratio of the urban population to the total population. Economic scale (Eco): estimated by the ratio of regional real GDP to national GDP. Fiscal expenditure (Fe): represented by the proportion of government fiscal expenditure in GDP. Industrial structure (Is): expressed by the proportion of the added value of the secondary industry to GDP. Environmental regulation (Er): measured by the proportion of investment in pollution control to GDP.
4.3.5 Data sources
In order to assure the integrity and consistency of data, the data during 2008–2019 of 30 provinces in China except Hong Kong, Macao, Taiwan and Tibet is chosen for research. The descriptive statistics of the data are shown in Table 3. Among them, the data of green credit are collected from the National Bureau of Statistics and the China Industrial Statistical Yearbook (2009–2020); the data of EWP evaluation system come from the China Statistical Yearbook (2009–2020), China Environmental Yearbook (2009–2020) and China Environmental Statistical Yearbook (2009–2020); the data of technological innovation are collected from Chinese Research Data Services database; the data of energy consumption and standard coal conversion coefficient are collected from Economy Prediction System database and China Energy Statistical Yearbook (2009–2020).
TABLE 3 | The descriptive statistics of the data.
[image: Table 3]5 EMPIRICAL RESULTS
5.1 The results of Moran’s I index of ecological welfare performance
In order to verify the spatial correlation of EWP, the STATA software is used to calculate the Moran’s I index of EWP in China from 2008 to 2019 based on four types of spatial weight matrices. The results are shown in Table 4.
TABLE 4 | The Moran’s I index of EWP.
[image: Table 4]From Table 4, it can be seen that the global Moran’s I statistics of China’s EWP are positive during the study period based on spatial weight matrices. This indicates that there is a positive global spatial correlation between EWP in the overall spatial scope, which means that provinces with higher (lower) EWP are adjacent to provinces with higher (lower). The EWP of each province is not only affected by its own economic development, but also by the surrounding provinces’ EWP, economic development and other factors. Therefore, this also verifies that it is reasonable to consider the spatial correlation of EWP in the empirical analysis.
5.2 The results of Moran scatter plot
In order to further characterize the local spatial aggregation characteristics of EWP, this part depicts the Moran scatter plots. Figure 2A, Figure 2B and Figure 2C show the Moran scatter plots of provinces in 2008, 2014, and 2019 (limited to paper length, only the results based on the spatial adjacency matrix are reported). Where the horizontal axis is the standardized value of EWP, and the vertical axis is the spatial hysteresis, that is, the average value of EWP in the surrounding area.
[image: Figure 2]FIGURE 2 | Moran scatter plots of EWP of China. (A) Moran scatter plot in 2008. (B) Moran scatter plot in 2014. (C) Moran scatter plot in 2019.
The Moran scatter plot has four quadrants, representing different distribution characteristics. It can be seen from Figure 2A, Figure 2B, and Figure 2C that most provinces are concentrated in the first quadrant and third quadrant, showing the characteristics of high–high aggregation and low–low aggregation. This shows that China’s EWP is not only spatially dependent, but also spatially different.
5.3 Analysis of the effect of green credit on ecological welfare performance
The sample data are regressed according to the established spatial Durbin model (Eq. 6). To reflect the robustness of the result, the regression results of the spatial Durbin model under geographic distance weight matrix and nested matrix are both provided in Table 5.
TABLE 5 | The results of spatial Durbin model.
[image: Table 5]In Table 5, first, the spatial autocorrelation coefficient [image: image] of the spatial Durbin model under the geographic distance weight matrix and the nested matrix are 0.3187 and 0.2770, both of which are significant at the 1% level. This indicates that there is positive spatial spillover effect of the EWP among provinces. Second, under spatial weight matrices, the regression coefficients of green credit on the EWP of local regions are 0.5616 and 0.5585, and both pass the significance test at the 1% level, indicating that green credit can significantly improve the EWP of local regions. However, the spatial spillover effect of green credit on adjacent areas is the opposite, with coefficients of −2.4771 and −2.2301 respectively, indicating that local green credit has a negative spatial spillover effect on the EWP of adjacent regions. Therefore, Hypothesis 1 holds.
Given that the spatial Durbin model contains explanatory variables with spatial correlation and their spatial lags, the regression coefficients of the model cannot fully explain the spatial spillover relationship between the dependent variable and the independent variable. In order to analyze the spatial spillover effects of green credit on EWP in detail, the spillover effects are decomposed into direct effects and indirect effects based on the partial differentiation method. The direct effect and indirect effect respectively represent the effect of the explanatory variable on the explained variable in the local or adjacent areas. The results are reported in Table 5. It shows that under the geographic distance weight matrix and nested matrix, the coefficients of direct effect are significantly 0.4140 and 0.4490. And the coefficients of indirect effect are significantly −3.2671 and −2.7983. Consistent with the previous regression coefficient’s conclusion, it implies that green credit can improve EWP, but has negative spatial spillovers to adjacent regions.
5.4 Analysis of the mediation effect of green credit on ecological welfare performance
The empirical regression results of spatial Durbin model show that green credit can promote the EWP. In order to analyze the mediating transmission mechanism of the impact of green credit on EWP in local regions, The mediating effect model is used to validate the transmission roles of technological innovation, industrial structure upgrading, and energy consumption structure in the relationship between green credit and EWP. The results under the nested matrix are shown in Table 6.
TABLE 6 | The results of mediating effect model.
[image: Table 6]In Table 6, column 1) represents the result of the impact of green credit on EWP. Columns 2), 4), and 6) present the spatial impact of green credit on technological innovation, industrial structure upgrading, and energy consumption structure, respectively. Columns 3), 5), and 7) show the impact of technological innovation, industrial structure upgrading, energy consumption structure on EWP and the direct impact of green credit on EWP. It can be seen from Table 6 that the spatial autocorrelation coefficient ρ of technological innovation, industrial structure upgrading, and energy consumption structure is significantly positive at the 1% significance level. It indicates that all three mediation variables have positive spatial spillover effects. The results also verify the rationality of using the spatial econometric model for the mediating test model.
First, the results of columns 2), 4) and 6) show that the regression coefficients of green credit on technological innovation, industrial structure upgrading and energy consumption structure in local regions are 1.9920, 0.9097, and 0.2304, indicating that green credit can promote technological innovation, industrial structure upgrading and energy consumption structure. In addition, it also can be seen from columns 3), 5) and 7) that the regression coefficients of technological innovation, industrial structure upgrading and energy consumption structure on EWP in local regions are 0.1261, 0.2026, and 1.0874, representing that technological innovation, industrial structure upgrading, and energy consumption structure all play a positive role in boosting EWP. To sum up, according to the testing results of the mediating effect model, green credit can enhance EWP by boosting technological innovation, industrial structure upgrading, and energy consumption structure. Therefore, Hypotheses 2, 3, and 4 hold.
In addition, the results indicate that the spillover effects of green credits on mediating variables varied. The results of columns 2) represent that the regression coefficient of green credit on technological innovation of adjacent areas is significantly positive, indicating that green credit has a positive spillover effect on technological innovation of adjacent regions. However, it can be seen from columns 4) and 6) that the regression coefficient of green credit on industrial structure upgrading and energy consumption structure in adjacent areas are negative, representing that green credit retrains industrial structure upgrading and energy consumption structure of adjacent regions. Meanwhile, there are differences in the adjacent spillover effects of mediation variables on EWP. It can be seen from columns 3), 4), and 7) that technological innovation can promote EWP of adjacent areas, while industrial structure upgrading and energy consumption structure negatively impact EWP of adjacent areas.
Furthermore, in order to further verify the reliability of the test results of the mediating model, the bootstrap test which was randomly sampled 500 times is chosen for verification. The results are shown in Table 7.
TABLE 7 | The results of bootstrap test.
[image: Table 7]The results of Table 7 indicate that the indirect and direct effects of the mediating variables all do not contain 0 within the 95% confidence interval based on the percentile method and the bias-corrected percentile method, meaning that mediation effect of variables are significant. Therefore, technological innovation, industrial structure upgrading, and energy consumption structure all have a mediation effect on the impact of green credit on EWP, which is the same as the result of Table 6.
5.5 Robustness test
To test the robustness of the empirical results, two methods are chosen for re-estimation of models. First, referring to the method of Qi and Yang (2018), the geographic distance weight matrix is used to re-estimate models. The results are shown in Table 8. Second, different measurement methods of variables are selected for re-estimation of model on the basis of the nested weight matrix. The results are shown in Table 9. Among them, the number of patent applications is used as a substitute variable for scientific and technological innovation; the proportion of output value of tertiary industry in GDP is utilized as substitute variable for industrial structure upgrading; the ratio of natural gas consumption to total energy consumption is selected as a substitute variable for energy consumption structure.
TABLE 8 | The results of robustness test (replacement of weight matrix).
[image: Table 8]TABLE 9 | The results of robustness test (replacement of variable measurement methods).
[image: Table 9]From Table 8 and Table 9, it can be seen that the impact of green credit on EWP and the mediation role of technological innovation, industrial structure upgrading, and energy consumption structure is basically the same as the results of Table 5 and Table 6. To sum up, the results of this paper are robust.
6 CONCLUSION, DISCUSSION AND POLICY RECOMMENDATIONS
Exploring the link between environmental regulation and high-quality economic development is the primary theme of sustainable development economics and green economics. This study utilizes panel data from 30 provinces in China during the period 2008–2019 to explore the association between China’s green credit and EWP. First, on the basis of using Moran’s I test and Moran scatter plot to analyze the spatial distribution characteristics of EWP, the spatial Durbin model is used to explore the spatial impact of green credit on EWP. Second, the mediating effect model is used to specifically analyze the mediation role of technological innovation, industrial structure upgrading, and energy consumption structure. In the light of the empirical results, this part draws and discusses the major conclusions, and then proposes policy recommendations.
6.1 Conclusion and discussion
First, China’s EWP shows significantly positive spatial correlation in both temporal and spatial dimensions, which is basically consistent with existing research results (Feng et al., 2019). Therefore, future studies on EWP must take its spatial autocorrelation into account. In addition, the value of EWP is characterized by high–high aggregation and low–low aggregation, which indicates that regions with high (low) EWP levels are surrounded by regions with high (low) EWP in China. The positive spatial correlation of EWP may be due to the following reasons. On the one hand, knowledge, technology diffusion and industrial transfer in provinces with high EWP can improve the supply of capital elements such as manpower and technology in areas with lagging EWP, which will help improve the EWP of adjacent areas. On the other hand, the effect of learning, demonstration and cooperation between adjacent regions is also conducive to the improvement of EWP in underdeveloped regions.
Second, the results of spatial Durbin model show that green credit can significantly promote the EWP, but has a negative spatial spillover effect on the EWP of adjacent areas. According to the existing research findings, it can be explained as follows. The differentiated lending policy of green credit may not only offer environmental protection firms adequate finances to promote the execution of environmental protection projects, but also push the two-high enterprises to enter the clean industry. This facilitates industrial structure upgrading and the reduction of environmental pollution (Peng et al., 2022). Furthermore, under the supervision of financial institutions, the efficiency of enterprise operation, technology research, development and application has been gradually optimized. In the process, more welfare outputs are obtained and EWP is improved in local regions. However, according to the “pollution shelter effect” (Zhang et al., 2021a), two-high enterprises will relocate to regions with looser environmental rules in order to escape the high expenses brought by green credit. This will increase the environmental pollution and limit the enhancement of EWP in transferred areas.
Third, the results of the mediating effect model show that green credit can improve EWP by promoting technological innovation, industrial structure upgrading, and energy consumption structure. Through the differentiated loan terms implemented by banks, environmental protection enterprises can obtain sufficient loan funds to increase investment in research and development, hence, fostering ultimately technological innovation. Then, as a result of “the innovation compensation effect,” the two-high enterprises would adjust their internal structures, develop clean processes, and raise the level of technological innovation even further. In this process, traditional energy consumption can be transformed into a mode of clean consumption reduction, which is conducive to optimizing the structure of energy consumption and achieving industrial structure upgrading. Through technological innovation, industrial structure upgrading, and the optimization of energy consumption structure, on the one hand, through technological innovation, industrial structure upgrading, and the optimization of energy consumption structure, resource recycling, energy utilization, and pollution control may be made more effective, which is possible to limit resource use and environmental pollution per unit of welfare production. On the other hand, production factors might migrate to higher-level industries, therefore, optimizing allocation efficiency and increasing total factor productivity (TFP). This can allow the society to gain higher welfare output and to realize the improvement of EWP.
Although there are research contributions in this study, there are still shortcomings that need to be improved. First, due to the limits of environmental pollution data, this study only used provincial-level data. In the follow-up research, industry data, and microenterprise data can be collected for targeted analysis of the impact of green credit (He et al., 2019; Zhang et al., 2022a). Second, due to data availability limits, the control variables in the regression model are all socioeconomic factors. The influence of regional natural resource endowment should be further considered in the next study. Third, the threshold effect and heterogeneity effect of green credit are not considered in this study. In the subsequent studies, it is advisable to refer to the existing research methods (Sun et al., 2020) to further analyze the nonlinear impact of green credit policy. In addition, the heterogeneity effect of green credit can be analyzed according to regional or development level differences (Hu et al., 2022).
6.2 Policy recommendations

(1) Improve the order of interprovincial cooperation and competition, and utilize the spatial positive autocorrelation effect of EWP. The government and other relevant functional departments should strengthen relevant laws and regulations, actualize the cross-regional connection mechanism of environmental governance. In this process, enterprises can drive the common growth of China’s EWP by making full use of the positive spatial correlation of EWP and realizing healthy competition in the field of environmental protection.
(2) Complete the policy system of green credit and build green channel for credit funds. The government, financial institutions, and microenterprises fully play the synergy, establish credit tightening mechanism for two-high enterprises and loan incentive mechanism for environmental protection enterprises. In this process, safeguard measures, such as green credit approval and risk assessment should be improved. Credit data connection platform among government departments, financial institutions, and microeconomic individuals should be built to enhance the circulation of green credit funds.
(3) Play the supervision role of financial institutions, alleviate the risks of enterprise innovation and transformation, and adjust the propensity of energy consumption. Green credit needs to implement differentiated loan policies to encourage more credit funds to invest in green and environmental protection industries, which is conducive to the realization of technological innovation. At the same time, the supply of loans to high-pollution enterprises should be tightened, forcing them to adjust their internal structures and promote the green transformation and upgrading of their industrial structures. Furthermore, the People’s Bank of China should adjust the credit rationing system, which can increase the proportion of clean and renewable energy consumption and improve the energy consumption structure.
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This article investigates how talent policies affect corporate green technological innovation through executive incentive strategies based on signaling theory and principal-agent theory, by examining samples from 1,536 A-share listed companies between 2010 and 2020. The findings indicate that talent policy helps enterprises boost green technological innovation while accelerating it by improving executive compensation incentives. This effect path is more significant in high-tech enterprises and enterprises with weak solvency ratios. However, we find that the current talent policy has inhibited the green innovation of enterprises. The conclusions provide micro-evidence for the impact mechanism by which talent policy affects enterprise green technological innovation and offer scientifically based guidelines for optimizing talent policy to promote innovation-driven development strategy.
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INTRODUCTION
To cultivate, introduce, and maximize talent holistically while incorporating it into a vital talent center and global innovation hub, China has implemented a strategy of reinforcing the country’s talent in line with Xi Jinping’s New Era of Socialism with Chinese Characteristics (hereafter the “New Era”) (Lo and Pan, 2021; Jacob and Subba, 2022). To this end, in response to the world’s emerging technological frontiers and the country’s major needs, governments at all levels in China have gradually established a corresponding talent policy system that includes initiatives such as the Changjiang Scholars Program sponsored by the Ministry of Education, the National Million Talents Project sponsored by the State Personnel Board, the Pearl River Talents Program of Guangdong Province, the Qianjiang Scholars of Zhejiang Province, and Shandong Province’s Taishan Scholars (Shi et al., 2018; Chen et al., 2019a; Yue et al., 2020; Miao et al., 1978-2020). Talent, particularly at the highest level, is the pre-eminent resource for enterprise innovation (Rao and Drazin, 2002; Doloreux and Dionne, 2008; Hu, 2008; Lewin et al., 2009). This prompts the question of whether the government’s macro-level talent policy can provide the necessary critical support for micro-level enterprise technological innovation activities. In particular, what is the impact of the current talent policy on the green innovation of enterprises? This scientific issue has attracted significant attention in both political and academic circles in recent years.
Chinese and international scholars have conducted extensive research on the impact that talent policy has on enterprise technological innovation, but the conclusions offered to date are inconsistent (Yang et al., 2019; Zhu et al., 2021). Some studies have suggested that government talent policies positively impact corporate technological innovation, given that talent policy signals government recognition and preferential treatment of talents to the outside world and makes it convenient for enterprises to secure the various requisite resources for innovation (Feldman and Kelley, 2006; Meuleman and De Maeseneire, 2012; Wu, 2017; Wei and Zuo, 2018; Li et al., 2019). Meanwhile, other studies maintain that enterprises manipulate their talent numbers to cater to policies, resulting in a considerable waste of innovation resources (Wang et al., 2021). Moreover, a small number of studies believe that, because government investment in talent policy is significantly lower than investment in R and D subsidy policies, talent policy’s impact on enterprises’ technological innovation is limited (Yang and Pan, 2020).
Among the reasons for the divergent conclusions of existing research is that of the tendency to overlook the role of executives in corporate innovation activities (Shao et al., 2020). As the main decision-making body, who are also responsible for the execution and supervision of innovation activities, enterprise executives’ decisions and willingness with respect to innovation directly affect the allocation efficiency of innovation resources, which in turn impacts the extent to which enterprises engage in technological innovation (Hao et al., 2019; Sarfraz et al., 2020; Ersahin et al., 2021; Zhao et al., 2021; Zhou et al., 2021). Research based on principal-agent theory has demonstrated that, as a result of the high uncertainty and lengthy return cycles associated with innovation activities, executives choose less innovation investment based on self-interest, resulting in diminished resource allocation efficiency (Huang et al., 2014; Si et al., 2020; Zheng et al., 2020; Jin et al., 2022). The implementation of incentives for corporate executives can effectively reduce the agency costs that enterprises incur in the allocation of innovation resources and improve the efficiency of innovation resource allocation (Coles et al., 2006; Xu et al., 2019). Given that talent policy offers the dual incentive effects of currency and reputation, it can directly affect executives’ approach to innovation decision-making and willingness, thereby affecting the allocation efficiency of innovation resources (Shapiro et al., 2017; Ullah et al., 2022). However, few studies have explored the relationship between talent policy, executive incentives, and corporate technological innovation.
To this end, based on signaling theory and principal-agent theory, this paper is focused on the relationship between talent policy, executive incentive strategy, and corporate technological innovation based on panel data from China’s A-share listed companies for the period between 2010 and 2020. The findings indicate that talent policy can directly promote enterprises’ technological innovation while indirectly promoting investment through executive compensation incentives; this effect path varies considerably as a result of enterprises’ divergent solvency ratios and the heterogeneity of the industry.
This paper is distinguished from existing research in several respects. First, in light of the “New Era” initiative, this paper is focused on the unique tool of talent policy, revealing its impact on enterprises’ technological innovation while resolving the research dilemma caused by the generalization of non-R&D subsidy policy in the existing literature. Second, it reveals how the macro talent policy system can influence enterprises’ technological innovation through executive incentives at the micro level. Finally, it reveals that the role played by talent policy in incorporating technological innovation through executive incentives varies significantly as a result of corporate heterogeneity. The research conclusions thus provide crucial theoretical support for the formulation of more effective talent policies.
THEORETICAL BASIS AND RESEARCH ASSUMPTIONS
Talent policy and enterprise technology innovation
As a significant measure that allows the government to intervene in enterprises’ technological innovation, talent policy can compensate for various resources required for technological innovation via signal transmission. First, talent policy support is conducive to enterprises’ accumulation of human resources and attraction of outstanding international talent. An enterprise’s implementation of talent policy signals that it values and treats talent preferentially. A high level of human capital, the positive external effects of knowledge sharing, and the knowledge spillover formed by the accumulation of human resources are all conducive to mutual exchange and learning, and facilitate knowledge and technology accumulation for the development of enterprise innovation activities (Peter, 1999; Jiang et al., 2020; Zygmunt, 2020). Second, talent policy support allows enterprises to access policy resources. Enterprises that receive talent policy support are often more likely to gain the government’s trust, and the government, for its part, is more inclined to extend policy support to such enterprises to save on the costs associated with prior inspection, in-process supervision, and post-assessment (Kleer, 2010; Sein and Prokop, 2021). For example, the acquisition of R&D subsidies or tax incentives can reduce the innovation risk to enterprises or minimize R&D costs (Colombo et al., 2013; Jourdan and Kivleniece, 2017; Chen et al., 2019b). These policies directly or indirectly stimulate enterprises’ enthusiasm for technological innovation. Third, talent policy provides enterprises with access to financial resources, conveying the seal of government approval to the outside world and indicating that the company has strong innovation capabilities and superior innovation projects. This helps secure the favor of external investors, relieves the company’s financing constraints to a certain extent, and supplements the resources required for technological innovation. Accordingly, this paper proposes the following hypothesis:
Hypothesis 1. (H1): Talent policy can significantly improve enterprises’ technological innovation levels.
Talent policy and executive incentives
Two main types of incentives are available to corporate executives: short-term compensation incentives and long-term equity incentives. First, talent policy can significantly strengthen executives’ compensation and incentive levels. From the perspective of policy content, most talent policies emphasize cash rewards or individual tax incentives for talents, thus directly increasing executives’ salaries. For example, the Jingxian Plan sponsored by Beijing’s Shijingshan District provides appropriate individual tax incentives to corporate executives who have made outstanding contributions, and appropriate incentives for their annual individual income tax exceeding 15% of their taxable income. Second, talent policy can significantly boost executives’ equity incentive levels, with some policies providing important guarantees that allow executives to increase their shareholding ratios by establishing relevant equity incentive funds. For example, to enhance enterprises’ innovation abilities and stimulate talent vitality, Wuhan’s Optical Valley has issued Administrative Measures for Equity Incentive Special Funds to help enterprises establish and improve their long-term incentive systems. The pain point associated with equity incentives is that large amounts of capital are required to invest in shares; this special fund policy requires only the equity of senior executives as a pledge, and the loan has no interest, which allows the proportion of equity held by senior executives to be increased. Accordingly, this paper proposes the following hypothesis:
Hypothesis 2a. (H2a): Talent policies can significantly improve executive compensation incentive levels.
Hypothesis 2b. (H2b): Talent policies can significantly improve executive equity incentive levels.
The mediating effect of executive incentives
As the direct object of talent policy, executives’ innovation decisions and willingness to innovate affect enterprises’ innovation output. First, talent policy has a salary compensation effect, and the misalignment of executives’ and shareholders’ goals is the chief cause of the principal-agent problem. Since the level of executive compensation is often related to the company’s performance, in consideration of short-term benefits, such as wages and bonuses, executives typically avoid the innovative activities that can bring shareholders long-term benefits (Holmstrom, 1989; Tosi et al., 2000; Wang et al., 2022). The compensatory effect of talent policy inhibits this risk aversion tendency, encouraging executives to invest in innovation based on the long-term benefits, thereby improving the enterprise’s technological innovation level (Gibbons and Murphy, 1992; Lui et al., 2016). Second, talent policy has a reputational incentive effect: executives who are supported by talent policies have greater prestige and are more likely to receive equity incentives. According to agency theory, equity incentives can bind the interests of executives and shareholders together, prompting executives to opt for innovation investments based on the company’s long-term interests while also helping to sustain the innovation process (Jensen and Meckling, 1976; Bertrand and Mullainathan, 2003; Alessandri and Pattit, 2014). This solidarity is conducive to the development of enterprises’ technological innovation activities (Lin et al., 2011). Because of the dual externalities faced by green innovation, the problem of innovation power becomes more serious. The above effect may be reversed. And, accordingly, this paper proposes the following hypothesis:
Hypothesis 3a. (H3a): Talent policy can positively impact corporate technological innovation by improving executive compensation incentive levels. The above effect may be reversed for green innovation.
Hypothesis 3b. (H3b): Talent policy can positively impact corporate technological innovation by improving executive equity incentive levels. The above effect may be reversed for green innovation.
RESEARCH SAMPLES AND DATA
Sample screening
This paper takes China’s A-share listed companies from 2010 to 2020 as the research sample using data derived from the Guotai’an China Stock Market & Accounting Research (CSMAR) database. During the research process, the initial samples were screened according to the following principles: first, eliminate samples with missing or ambiguous data on the main variables; second, eliminate financial industry and real estate enterprises in view of the particularity of their business objectives and financial structures; and third, exclude ST, *ST, PT, and other financially abnormal enterprise samples to avoid extreme value interference. Ultimately, 1,536 companies were retained, with 5,004 valid observations.
Definition of the variables

(1) Enterprise Technological Innovation: The existing literature mainly measures enterprises’ technological innovation from two aspects: innovation output and innovation input (Balkin et al., 2000; Argyres and Silverman, 2004; Lerner and Wulf, 2007; Cornaggia et al., 2015). As such, this paper mainly discusses how talent policy affects corporate technological innovation by influencing executives’ decision-making and willingness with respect to innovation, thus adopting corporate technological innovation investment to measure corporate technological innovation. At present, the enterprise’s R&D investment index is commonly applied to measure the technological innovation investment of enterprises (Flor and Oltra, 2004; Falk, 2012). Moreover, to eliminate the dimension problem, this study adopts the natural logarithm of corporate R&D investment as a measure of corporate technological innovation (lnRD). For green innovation, we use the enterprise green patent measurement and match the samples (Grepat). Because green patents belong to counting data, we use Poisson regression.
(2) Talent Policy: Referring to the measurement method devised by Chen et al. (2018) for talent policy, a keyword search was conducted on the government subsidy details in the appendix of the financial statements from the Guotai’an database, screening for the keywords “talent” (rencai), “person” (renwu), and “excellent” (yingcai). The project finally verified whether the enterprise had obtained talent policy support. If the enterprise government subsidy detail contains the above keywords, the talent policy variable (Tal) is 1; otherwise, it is 0. This paper also uses the above retrieval method to test the model’s robustness and use the corresponding subsidy amount as a surrogate variable for talent policy (Tal 1).
(3) Executive Incentive Strategies: Executive incentives mainly include compensation incentives and equity incentives. The current standard practices reported in domestic and foreign literature are adopted. Among these, the measurement of compensation incentives is expressed by the total compensation of the sample enterprises’ executives in accordance with Mehran’s (1992) methods); equity incentive is expressed by the shareholding ratio of senior executives, drawing on the practices implemented by Lin et al. (2011).
(4) Controlled Variables: To control the influence of other factors on the research results, based on the relevant literature, the controlled variables used in this paper include Enterprise Size (Size), Human Capital (HC), Separation Rate of Two Rights (SRTR), Main Business Income Growth Rate (Grow), Operating Cash Flow (CF), the Gearing Ratio (GR), Return on Total Assets (Roa), Nature of Property Rights (NPR), Board Size (Bsize), and Enterprise Age (Age). The specific variable names and their descriptions are shown in Table 1.
TABLE 1 | Variable names and descriptions.
[image: Table 1]EMPIRICAL ANALYSIS
Descriptive statistics and correlation analysis
Table 2 presents the samples’ descriptive statistics and the Pearson correlation coefficient matrix. The average value of enterprise R&D investment cost is 17.95, and the standard deviation is 1.287, indicating that the observed sample enterprises’ technological innovation levels are relatively discrete. The mean and standard deviations of executive compensation incentives are 14.89 and 0.759; the mean and standard deviation of equity incentives are 9.204 and 15.16, indicating that the dispersion degree of executive equity incentives in sample companies is greater than that of salary incentives. Table 2 also shows that 76.08% of enterprises have received talent subsidies, indicating that it has become common for listed companies to obtain government talent subsidies. The average company size is 22.04, the average human capital is 7.683, the average board size is 0.187, and the average company age is 16.88. The correlation coefficient matrix demonstrates that talent policy is positively correlated with executive compensation incentives and corporate technological innovation indicators, which initially supports the positive relationship between talent policy and corporate technological innovation. Executive equity incentives and corporate technological innovation are negatively correlated, which is inconsistent with this paper’s hypothesis and warrants further testing. The variance inflation factor test was also performed on the variables, and the mean value of the variance inflation factor was 1.46, indicating no severe multicollinearity problem.
TABLE 2 | Descriptive statistics and correlation coefficients of core variables.
[image: Table 2]Regression analysis
After the Hausman Test, the two-way fixed effect model was selected, and the specific analysis results are shown in Table 3.
TABLE 3 | Regression analysis and sobel test.
[image: Table 3]First, Model 1) in Table 3 shows that the talent policy positively impacts enterprises’ technological innovation and is significant at the 5% level ([image: image]). This demonstrates that implementation of the talent policy boosts enterprises’ technological innovation, and Hypothesis 1 is tested. Second, Model 2) and Model 3) in Table 3 examine the impact of talent policies on executive incentive levels. The results demonstrate that talent policy positively impacts executive compensation incentives ([image: image]), and it is significant at the 5% level but has no significant positive impact on executive equity incentives ([image: image]). Therefore, Hypothesis 2a is verified, while assumption 2b is not verified. According to the mediation effect test procedure proposed by Baron and Kenny 1986) (Baron and Kenny, 1986), if the coefficient of Model 3) in Table 3 is not significant, the Sobel test must be further performed to confirm whether executive incentives are the mediating variable of the relationship between talent policy and corporate technological innovation. Third, Model 4) in Table 3 is used to test the mediating effect of executive compensation incentives—that is, to test Hypothesis 3a. Model 4) in Table 3 demonstrates that after adding executive compensation incentives, compensation incentives have a significant positive impact on corporate technological innovation ([image: image]), while the positive impact of talent policy on corporate technological innovation remains ([image: image]).
According to the Sobel test, the ratio of the mediation effect to the total effect of executive compensation incentives is 0.086, indicating that the executive compensation incentive level can explain 8.6% of government talent policies’ promotion of corporate technological innovation. Executive compensation incentives partially mediate the relationship between talent policy and corporate technological innovation; thus, Hypothesis 3a is verified. Finally, Model 5) in Table 3 is used to test the mediating effect of executive equity incentives—that is, to test Hypothesis 3b. Model 5) in Table 3 reveals that, after adding executive equity incentives, equity incentives have a significant positive impact on enterprises’ technological innovation ([image: image]), while talent policies also exert a significant positive impact ([image: image]). However, the results of the Sobel test reveal that the mediating role of executive equity incentives between talent policy and corporate technological innovation is not significant, and so Hypothesis 3b was not verified. The reason for this may be related to the motivations behind equity incentives. Existing research has demonstrated that the key motivation of corporate equity incentives is to attract excellent managers and support them in making effective decisions (Lin et al., 2011). The implementation of talent policy has the function of gathering talent resources and often has a good reputation incentive effect, which can effectively improve the efficiency of executives’ resource allocation and further reduce the necessity of implementing executive equity incentives. Therefore, talent policy cannot promote corporate technological innovation through executive equity incentives.
We added green patent as a new dependent variable, and compared it with the previous analysis, and obtained more abundant research conclusions and enlightenment, which also provided better guidance and scientific basis for the specific implementation of the policy. From models 6 and 7, the talent policy significantly inhibited green innovation. We argue that on the one hand, the talent subsidy may be used for human capital accumulation, crowding out green R&D; On the other hand, technology R&D is a long-term process, especially the invention of green technology. At present, the impact of human capital investment on green technology has not been effective.
Robustness check
We used the cost of replacing the talent subsidy to test the reliability of the regression results’ reliability. The results of the regression analysis are shown in Table 4. The results demonstrate that the relationship between talent policy and corporate technological innovation remains significant, and the direction remains unchanged. The direction of the regression coefficients of executive equity incentives and other controlled variables is also highly consistent with the previous regression results. Therefore, the previous empirical results are robust.
TABLE 4 | Robustness test.
[image: Table 4]This study also used a different method to test the mediation effect. Newton and Raftery 1994) (Newton and Raftery, 1994) suggested using the bootstrap test without prior information. Compared with the stepwise regression method and the Sobel test, the confidence interval obtained by the bootstrap test is more accurate and effective. Therefore, this paper uses the bootstrap test method in the robustness test to determine whether executive incentives have a mediating effect. Table 5 presents the results. The results proved consistent with the conclusions reported in previous studies. Talent policy also significantly inhibited green innovation.
TABLE 5 | Bootstrap test method.
[image: Table 5]FURTHER ANALYSIS
Intermediary model analysis of the total sample confirmed that talent policy can promote enterprises’ technological innovation by improving executive compensation levels. This section is focused on whether this path differs significantly as a result of the heterogeneity of the enterprises’ industry types and solvency ratios. The first difference pertains to the type of industry in which the company operates. Referring to the classification method devised by Sun et al. (2021a), if a company has obtained the national or provincial high-tech enterprise qualification certification, the enterprise is defined as a high-tech enterprise; otherwise, it is a non-high-tech enterprise. After differentiating enterprise types, Table 6 reports relationships between talent policies, executive compensation incentives, and corporate technological innovation. The results reveal that the influence coefficient of talent policy on the technological innovation of high-tech enterprises is positive and statistically significant at the 10% level. The executive incentives of technology enterprises and the technological innovation of enterprises are not significant. The main reason is that the technology of high-tech industries changes and the problem of technology spillover are faster and more severe than in non-high-tech enterprises. Therefore, the imbalance between innovation risks and benefits borne by high-tech enterprise executives and the principal-agent problem is more prominent and severe than that of non-high-tech enterprises (Aboelmaged and Hashem, 2019; Khalili et al., 2019; Sun et al., 2019; Sun et al., 2020; Sun et al., 2021b; Sun et al., 2021c; Shao and Chen, 2022). Talent policy support directly affects executives. It alleviates the principal-agent problem by improving executives’ compensation and incentive levels in high-tech enterprises, thereby improving the innovation willingness of executives, which is conducive to the development of innovation activities. The Sobel test demonstrated that, regardless of whether it is a high-tech or non-high-tech enterprise, the executive’s equity incentive does not have a significant mediating role, which further verifies that H3b does not hold.
TABLE 6 | Sub-sample Regression of whether it is a high-tech enterprise.
[image: Table 6]The second difference relates to the differential impact of corporate solvency. In this paper, the average value of the sample enterprises’ asset-liability ratio is used as the standard, and the enterprises are categorized based on whether they are high or low asset-liability ratio enterprises. Table 7 reports the relationship between talent policy, executive incentives, and technological innovation after distinguishing the company’s debt level. The results show that the influence coefficient of talent policy on the technological innovation of enterprises with high asset-liability ratios is 0.082, and it is significant at the level of 5%. This confirms that talent policy contributes to the technological innovation of enterprises with a high asset-liability ratio. Companies with high debt ratios are often more cautious about innovation investments, associated with higher risks and uncertain returns. The talent policy helps them obtain financial resources and government support, reducing their innovation costs and uncertainties and thus benefiting their technological innovation activities. Models (31), (32), and (34) reveal a mediating effect between executive compensation and incentive levels. The main reason for this is that when a company’s debt level is high, shareholders may reduce compensation to the company’s executives, to preserve the company’s cash flow. Talent policy indirectly helps companies with high asset-liability ratios to ease their financing constraints and enrich their cash flow. It directly increases executives’ remuneration levels through subsidies, thereby improving the efficiency of executives’ innovation resource allocation, which is conducive to technological innovation. Companies with low debt-to-equity ratios face relatively low innovation and bankruptcy risks, and so talent policies may play a minimal role. The Sobel test further revealed that, regardless of whether a company is high or low asset-liability, executive equity incentives do not play a significant mediating role, further confirming that H3b does not hold.
TABLE 7 | Sub-sample regression of solvency level.
[image: Table 7]RESEARCH CONCLUSIONS AND IMPLICATIONS
In recent years, governments at all levels—from central to local—have gradually established a relatively complete talent policy system to cultivate, attract, and capitalize on talent through talent policies and provide the necessary support for the innovation and development of local enterprises. This study took 1,536 A-share listed companies from 2010 to 2020 as samples and built a two-way fixed effect model to investigate how macro-level talent policy affects corporate technological innovation through micro-level incentives for corporate executives. The findings indicate that talent policy significantly boosts enterprises’ technological innovation levels. Talent policy can also indirectly promote technological innovation by increasing executive compensation rather than equity incentive levels. The main reason for this is that the talent policy has a salary compensation effect, protecting executives’ short-term benefits and effectively improving the imbalance between executives’ innovation risk-taking and benefits, thus supporting enterprises in performing innovation activities. Moreover, analysis of enterprises’ solvency ratios and the heterogeneity of their industries reveal that talent policy exerts a more significant effect on innovation incentives for high-tech enterprises and enterprises with weak solvency. While we find the talent policy significantly inhibited green innovation. Our results are different from those of Shao, which may be due to differences in our variable measurement methods and different perspectives of the mechanism analyzed.
Encouraging the innovation consciousness of enterprise executives will help to guide the scientific innovation of enterprise talents and put enterprises in a favorable position in the incentive competition. Modern enterprises generally adopt salary incentive to encourage technological innovation. Enterprises should be good at equity incentive and give certain equity to senior executives to ease the conflict of interests between senior executives and shareholders in the R and D process. The requirement of high-quality economic development has further increased the attention of environmental protection issues, and all stakeholders have put forward higher requirements for environmental protection. Green technology innovation is becoming an important emerging field in the new round of global industrial revolution and scientific and technological competition. To speed up the construction of a market-oriented green technology innovation system, the government needs to expand the “breadth” of the transformation of scientific and technological achievements, improve the “intensity” of gathering innovation resources, further reduce the burden of scientific and technological personnel, clear the obstacles to the flow of talents, and further improve the enthusiasm of scientific and technological personnel in developing and transforming science and technology. Universities and scientific research institutes that transform their scientific and technological achievements into positions and give individual rewards to scientific and technological talents in the form of shares or capital contribution ratio may temporarily exempt from individual income tax. At the same time, it is necessary to actively create a green scientific and technological innovation achievement transformation trading platform integrating R and D transformation, technology transfer, achievement transformation and talent training. This paper’s conclusions have the following implications for talent policy formulation.
First, the implementation modes of different talent policies should be further reinforced. This study found that talent policy can safeguard the short-term benefits that executives derive through the compensation effect, thereby improving the efficiency with which executives allocate innovation resources. Therefore, government departments should focus on direct support methods, such as monetary incentives and personal tax protection, when introducing talent policies. Meanwhile, enterprises should also incorporate innovation performance into executives’ performance appraisals to rectify further the imbalance between innovation risks and benefits and provide necessary guarantees for corporate executives to carry out innovation activities.
Second, the talent policy system should be further refined to improve the efficiency of talent policy support. Through heterogeneity analysis, this study found that talent policy has a more significant effect on high-tech enterprises’ technological innovation than other factors. Therefore, talent policy should be further refined and tailored toward high-tech enterprises as much as possible. Governments should thus formulate targeted talent policies, talent service systems, and mechanisms to effectively boost high-tech enterprises’ innovation levels and accelerate the realization of high-tech enterprises’ high-quality development.
Third, security enterprises should be further screened, and the marginal role that talent policy currently plays should be maximized. This study found that talent policy has a greater impact on the technological innovation of companies with weak solvency through executive compensation incentives. In companies with higher debt ratios, the level of executive compensation is often lower, and talent policy has a more significant marginal effect on executives’ compensation levels through cash incentives and personal tax protection. It is thus recommended that a more accurate and targeted talent policy system be formulated for highly indebted enterprises.
Fourth, the role that talent policy plays in transmitting positive signals to enterprises should be maximized. This study also found that talent policy can send positive signals, such as preferential treatment of talents and government recognition, to talents, investors, and stakeholders outside the enterprise and help enterprises obtain various innovative resources. Therefore, companies that have obtained talent policies should disclose relevant positive information to the outside world via multiple channels to reinforce further the role that talent policies play in transmitting positive signals.
Our study also has some limitations. Due to the availability of data, we only tested the sample of Listed Companies in China. Future analysis data can further expand the sample to better test the assumptions and theoretical assumptions of this study, including comparative analysis of scenarios in different regions and countries.
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“Made in China” has spread all over the world, and China has the status of “world factory”. However, the weak ability of independent innovation has affected the sustainable development of China’s manufacturing industry. The industrial revolution with digital and intelligent manufacturing as the core is coming. In the future, our development is not fast, and the key is how to be sustainable and healthy. The development of zero carbon vehicles such as intelligent transportation and electric vehicles is one of the highlands of technological competition in the transportation field, and it is also the core measure to achieve carbon peak and carbon neutralization. Identifying important firms in the automobile industry has always been a topical issue. This study used the transaction data of listed companies in China’s automobile manufacturing industry to build a complex network based on the quantitative data of enterprise development status using network modeling and the multi-attribute decision evaluation method. The relationship between the network structure of the financial market and the multi-index sustainability evaluation of enterprises were also studied. By extracting the financial information of environmental protection investment from the social responsibility reports of listed companies and analyzing the current status of target investment in the automobile manufacturing industry, the research shows that the current environmental protection investment in the automobile manufacturing industry is not strong and the government needs to increase supervision. The finding reveals three dynamic relationships for practical impact. The empirical result verifies that our method is effective and reliable. This approach can effectively overcome the effect of subjective factors on evaluation and provide sustainable evaluation strategy suggestions for investors in the automobile manufacturing industry.
Keywords: sustainability evaluation, automobile manufacturing industry, financial risk, multi-index decision-making, node importance
1 INTRODUCTION
As we all know, China is a large manufacturing country. Manufacturing is an important basis for China’s economic growth and the key to whether China’s economy can grow steadily. Among them, the automobile manufacturing industry has become the cornerstone of China’s manufacturing industry. As one of the main sectors of China’s energy consumption and carbon emission, the automobile industry’s carbon peaking and carbon neutralization is of great significance to the realization of China’s vision of carbon peaking and carbon neutralization (Sun et al., 2021a). Green and low-carbon transformation has become a world trend, and China will face great challenges. The development of zero carbon vehicles such as public transportation, intelligent transportation, electric vehicles, and hydrogen fuel vehicles is not only one of the highlands of technological competition in the transportation field but also the core measure to achieve carbon peak and carbon neutralization (Sun et al., 2021b). More and more people pay attention to how to evaluate the sustainable development of the automobile manufacturing industry, and how to evaluate the automobile manufacturing industry from the perspective of financial analysis is the research focus of this article.
The importance of the type of methodology adopted in research cannot be overestimated. The traditional financial analysis methods, such as principal component analysis (PCA), random matrix analysis (RMA), and cluster analysis (CA), are of great significance to investment theory and risk management. They have developed theories such as efficiency market hypothesis, asset pricing model, Markowitz portfolio model, Black–Scholes formula, and many other theoretical models which have been widely used. With the development of the complex network, financial market research has a new perspective. For instance, suppose the listed company is abstracted as a point and the relationship between the stocks issued by the listed company is taken as an edge, in that case a financial market network is constructed. Many scholars use complex network theory to study the financial economy and have achieved many meaningful research results. It all started with Mantegna (1999) who introduced the network analysis method into stock market research giving a firm foundation for other authors to propagate relevant theories. Vandewalle et al. (2001) used the correlation coefficient between stocks to establish a dependency network theory. Bonanno et al. (2004), Tse et al. (2010), and Acemoglu et al. (2012) extracted economic information from the correlation coefficient matrix of stocks and studied the hierarchical relationship of the stock market, which showed that the interaction between network nodes is an internal propagation. This interaction expands the effect from the micro-level. Minoru et al. (2013) analyzed financial relevance as the prediction index of the banking system risk, whereas Hautsch et al. (2015) proposed the realized systemic risk beta to measure financial companies’ contribution to the systemic risk. From the financial point of view, the development of companies must have the characteristics of sustainability, that is, without exhausting financial resources, companies finance has the greatest possibility of growth. The value of an enterprise largely depends on its future profitability and the future growth of operating income, income, and dividends, rather than the income obtained by the enterprise in the past or at present. Assessing the sustainable development ability of enterprises can inhibit the short-term behavior of enterprises and help to improve the modern enterprise system. The short-term behavior of enterprises focuses on pursuing immediate profits and ignoring the preservation and appreciation of enterprise assets. In order to achieve short-term profits, some enterprises do not hesitate to spend equipment and calculate less expenses and costs. Research on how to find sustainable development ability of enterprises is becoming more and more popular, and identifying a nodes’ importance of complex networks brings this research a new perspective.
Sustainable development also means that environmental concerns and considerations are included in development plans and policies, and the social responsibility of enterprises is becoming more and more important. Cormier et al. (2011) studied the role of environmental accounting information disclosure and social responsibility information disclosure in reducing information asymmetry between investors and managers in the form of investigation and found that environmental accounting information disclosed in the paper form can reduce information asymmetry in the stock market. When the uncertainty of economic policy rises, the enthusiasm of companies to voluntarily release social responsibility reports increases (Liu and Yongjia, 2020). The quality of social responsibility information disclosure has also improved significantly. The environmental protection cost of listed companies in China has the anti-stickiness characteristic of “easy to fall but difficult to rise”, whereas government subsidies can restrain the anti-stickiness of environmental protection cost of enterprises (Wang and chen, 2021). Government subsidies exert a restraining effect by improving the capital capacity of enterprises’ environmental protection investment and weakening the willingness of enterprises to conduct earnings management through environmental protection expenses. The environmental tax burden of enterprises significantly promotes their environmental protection investment, which is more significant in politically related enterprises and more significant in regions with low marketization process (Wang and cao, 2022).
In recent years, the research on identifying nodes’ importance of complex networks has attracted much attention due to its great theoretical significance and the wide range of applications. These nodes can affect the structure and functions of the network (Linyuan et al., 2016). There are various methods to evaluate the importance of nodes by using network topology. The commonly used methods include the degree centrality method (Bonacich, 1972), betweenness centrality method (Estrada and Rodríguez-Velázquez, 2005), K-shell decomposition method (Kitsap et al., 2010), and PageRank method (Lü et al., 2016). Liu et al. (2016) then used different equations to evaluate the propagation process to rank the importance of nodes. In addition to that, Zeng and Cheng (2013) proposed a mixed degree decomposition (MDD) procedure in which both the residual degree and the exhausted degree are considered. Furthermore, Gao et al. (2014) proposed local structure centrality according to the properties of nodes and their neighbors. Again, Ma and Ma (2017) propagated mixed degree centrality theory based on network topology. Wang et al. (2017) also developed a new node importance evaluation method according to the location of nodes and the properties of their neighbors, and all these methods can evaluate the performance through tuning parameter. Ai (2017) introduced the entropy change theory and sorts the importance of nodes by using the change of network entropy after removing nodes. Fu et al. (2015) developed a double-layer network node evaluation method; as the result, Bian et al. (2017) used multi-attribute decision-making technology to improve the accuracy of node importance evaluation.
Based on the influence of node neighbors, some evaluation methods were proposed, which are based on iterative neighbor information or multiple influence matrix by analyzing the location importance of nodes and the dependencies between all nodes in the network (Wang and Guo, 2017; Xu et al., 2017). In addition to the aforementioned method of obtaining the local information of complex networks, Chen et al. (2012) proposed semi-local centrality, and Bonan et al. (Bonan et al., 2012) comprehensively evaluated the importance of nodes by considering multi-index evaluation and calculating the combined measurement of different indexes such as degree value, intermediate number, and K-shell of nodes based on Euler distance formula. Kong et al. (2018) proposed two more comprehensive node importance evaluation methods based on the evaluation results of a complex network dynamic model, disturbance test, and failure test. Gao et al. (2013) combined the degree of nodes and the strength to form a new index to represent the importance of nodes. Zhao et al. (2009) proposed identifying important nodes by an importance contribution matrix.
Zhou et al. (2012) proposed the importance evaluation matrix, which combines the degree and efficiency indicators to characterize the important contribution between adjacent nodes. The third-order influence criterion proposed by Fowler (2008) points out that nodes will affect the associated nodes within the third-order range. Fan and Liu (2014) and Hu et al. (2015) proposed important node identification methods based on the transmission efficiency matrix and importance incidence matrix, respectively, considering the important contribution of non-neighbor nodes to nodes, which expanded the influence range of nodes. Chen et al. (2019) work on a centrality fusion index related to communication influence, which identifies the importance of nodes by integrating the traditional centrality and the communication influence of nodes. Jiang et al. (2018) then proposed an important identification method that considers the bridging characteristics of nodes, which believes that the more pairs of nodes with the shortest path passing through the target node, the less the number of shortest paths between adjacent nodes and the more significant the bridge function and structural importance of the nodes are. Zareie et al. (2019) method on node ranking based on neighbor diversity effectively improves the accuracy of algorithm ranking. Based on the shell values of nodes and multi-order neighbor’s in the network, Wang et al. (2019) put forward a vector centrality algorithm for multi-order neighbor’s shell numbers, which revealed the relative importance of nodes in the complex network in the vector form.
HE et al. (2013) evaluated the impact of the supply network and network stability according to the stock ratio relationship among enterprises. Zhao and Liu (2016) took new energy vehicles as an example to simulate the evolution path of the innovation network. Liu and Zhao (2016) divided the innovation network into three situations: the stage of substantial financial subsidies, stage of subsidy reduction, and stage after partial withdrawal of subsidies. The author simulated the operation mechanism of three types of innovation networks before and after the withdrawal of financial subsidies and analyzed the characteristics of network evolution under different dynamic forces. Zhang and Qian (2021) described the characteristics of China’s new energy vehicle of patent innovation network during rapid industrial development from 2009 to 2014 from the dimensions of region and subject nature.
Liu and Qian (2019) constructed a patent cooperation network based on the patent joint application data of China’s new energy vehicle industry and investigated its topological structure, evolution path, and spatial structure evolution process in time intervals. Wang et al. (2020) built an organization cooperation network, member cooperation network, and a knowledge fusion innovation network. This was based on the patent application data in the field of new energy vehicles in China and quantified the structural hole characteristics in the network. Zhou and Zhu (2018) used the life cycle sustainability assessment method to assess the environmental, economic, and social dimensions of the performance of pure electric vehicles and fuel-fired vehicles. Overall, the life cycle sustainability assessment results of pure electric vehicles are better.
Some studies have explored the importance of nodes from the topology perspective without considering each node’s characteristics. These studies only consider the optimal path length when measuring the contribution rate of importance. The evaluation performance of some methods depends on the performance of the combination mode as there is a certain gap with the true importance of the nodes. The important influence between nodes is closely related to the shortest path and the information dissemination rate. The existing important evaluation of nodes based on local network structure focuses on the research of node attributes. Extant literature did not fully consider the influence of the structural characteristics between nodes and neighbors on the node propagation force. The large-scale complex network structure changes with time, and it is relatively difficult to obtain complete network structure data. There are certain limitations to quantifying the importance of nodes through global information. There is also a lack of evaluation of the network in terms of multiple indicators. There is, therefore, the need for further sustainability analysis to deepen knowledge and understanding.
The existing research results provide the basis for building China’s automobile financial market network. However, many of the studies only focus on partial and quantitative approach. There is gap in literature about the relationship between the correlation of enterprises and the evaluation of enterprise development. The impact of enterprises on the manufacturing industry is less explored, and the evaluation and application of clustering coefficient, betweenness, and H-index in the network structure are few. Based on the existing research, this study makes further in-depth research to find out the influential diffusion and communication mechanism of important nodes in the development of the industry and focuses on the relationship between the network structure of listed companies in China’s automobile manufacturing industry and enterprise sustainability evaluation to provide a scientific basis for the enterprise sustainability assessment.
The first year of China’s 14th 5 year plan was 2021. Standing at the new historical intersection, the automotive industry has also ushered in unprecedented changes. The trend of the automotive industry toward electrification, intelligence, networking, sharing, and greening is becoming more and more obvious. From the guiding direction of the national manufacturing industry, the development trend of the automobile industry toward electrification, intelligence, networking, sharing, and greening is becoming more and more obvious (Hui et al., 2013). Facts have also proved that enterprises that conform to the direction of technology, environmental protection, and shared interconnection have a better sustainable development (Zuo, 1988).
2 NETWORK MODELING AND MULTI-ATTRIBUTE DECISION EVALUATION METHOD
2.1 Network modeling of the automobile manufacturing industry based on the logarithmic rate of return
The nodes in China’s automobile financial market network are the listed companies in the automobile manufacturing industry. The relationship between the changes of stocks issued by the listed companies is defined as edge. The correlation coefficient of the returns of two stocks in a specific time can be considered the relationship between them. There are N stocks in the financial market. The duration is n trading days. pi(t) represents the closing price of the stock I on day t, and the logarithmic returns of the two stocks are Yi and Yj, respectively, as follows:
[image: image]
The correlation coefficient of price fluctuation of the two stocks is as follows:
[image: image]
where < > represents mathematical expectation, [image: image].
According to the correlation coefficient of any stock price volatility return, the corresponding correlation coefficient matrix C is constructed. C is a symmetric matrix, expressed as [image: image]
In this way, the association network of stocks can be established. The graph G = (V, E) represents the financial market network, where V is the set point composed of stocks, and e represents the edge set between nodes, shown below:
[image: image]
2.2 Network indicators
2.2.1 Degrees
Degree refers to the number of points connecting to other network points. Degree centrality is the most direct indicator to describe node centrality in a network analysis. The greater the degree of a node, the higher the degree centrality of the node, which means the more important the node is in the network, the larger the company in the automotive financial market network. The more companies have relationships, the greater its influence.
2.2.2 Clustering coefficient
The clustering coefficient indicates the degree of aggregation between the nodes’ neighbors. If there is a relationship between the two companies, there is a “length of one” connection between them by default. The kedges connected to the node may constitute [image: image]. There are actually ledges, then the clustering coefficient of the point I is [image: image]. The clustering coefficient of a point can indicate the influence of the company. The greater the clustering coefficient, the closer the relationship with a specific company and the stronger the cohesion.
2.2.3 Betweenness
Betweenness is an index based on the path rather than the node, representing the influence of the point in the network. The Betweenness of node i means the number of nodes i passing through all the shortest paths in the network, expressed as [image: image], where [image: image] represents the number of shortest paths from point j to point k, and [image: image] means the number of passing points i in [image: image].
2.2.4 H-index
The H-index of listed companies in the automobile manufacturing industry means that there are at least n listed companies cooperating with this enterprise; therefore, the H-index of this enterprise is n. The strength of the listed company cooperating with this enterprise is strong, which can also explain the strength. The stronger ones are united, and they are always strong.
2.3 Environmental protection investment factors of enterprises
As an important subject of society, in order to ensure the legitimacy of operation, enterprises must fulfill the requirements of the contract, provide the required products and services for the society, and bear certain social responsibilities. If they transmit the signal of their legitimate operation to the society, they will invest more environmental costs to reduce public doubts. Under these pressures, enterprises have to restrict their behavior, undertake the responsibility of governing and restoring the environment, increase the input of environmental costs in production and operation, disclose more environmental accounting information, and transmit the signal of good operation to the outside world. A large number of studies have shown that the relationship between enterprise environmental protection investment and enterprise value is a U-shaped curve. With the increase of environmental protection investment, the enterprise value first decreases and then increases. At present, it is more manifested in the value impairment effect of environmental protection investment.
Environmental protection input (EPI). Environmental protection input can be defined as all the efforts made by the company to protect the environment (Nakamura, 2011). In combination with the environmental protection information disclosed by Chinese listed companies in the social responsibility report, the enterprise environmental protection investment referred to in this study includes environmental technology research and development investment, cleaner production investment, environmental protection equipment purchase, construction and transformation investment, pollution control investment, ecological protection investment, and environmental management expenditure. Among them, R and D investment in environmental protection technology refers to the investment of enterprises in developing new technologies and products for environmental protection. Cleaner production input refers to the input made by enterprises to implement cleaner production, involving the recovery and recycling of materials, energy, and intermediate products. The investment in the purchase, construction, and transformation of environmental protection equipment refers to the investment in the purchase and construction of new environmental protection equipment or the transformation of the original environmental protection equipment. Pollution control investment refers to the emission reduction and treatment funds and operating costs of environmental protection equipment invested by enterprises in the treatment of waste gas, waste water, solid waste, and noise pollution. Ecological protection investment refers to the investment of enterprises in the construction and maintenance of ecological environment. Environmental management expenditure includes environmental management system certification expenditure, cleaner production audit fee, environmental assessment fee, expenditure on environmental protection education, training and publicity, environmental tax, and pollution discharge fee.
2.4 Multi-index node sustainability comprehensive evaluation method
The multi-index node sustainability comprehensive evaluation method (Wang et al., 2020) can be described as follows: a node in a complex network is a problem scheme, and the node’s importance becomes a multi-index decision-making problem. This method uses the proximity between the idealized goal and the evaluation object to sort, which only requires that each utility function has a monotonic increment (or decrement).
Let [image: image] represents the decision scheme set which has n nodes. M indicators are required to evaluate the importance of each node, and the corresponding scheme attribute set is recorded as [image: image] ([image: image]) represents the jth index of the ith node, and the decision matrix can be obtained as follows:
[image: image]
There are many indicators in the scheme. There are benefit indicators (the higher the index value, the stronger the ability) and cost indicators (the higher the index value, the worse the ability). The dimensions of each indicator are different. In order to facilitate comparison, the index matrix is standardized as follows:
If this indicator is a benefit indicator, the processing result is [image: image]
If this indicator is a cost indicator, the processing result is[image: image],
[image: image]
A note on the normalized decision matrix [image: image].
Let the weight of the jth index be [image: image] ([image: image]), and the normalized decision matrix R form a weighted normalized matrix.
[image: image]
Determine positive ideal decision scheme [image: image] and negative ideal decision scheme [image: image], where
[image: image]
[image: image]
Calculate each scheme a with the following formula [image: image] distance to positive ideal decision scheme [image: image] and negative ideal decision scheme [image: image]: 
[image: image]
Calculate the closeness [image: image] of the ideal scheme. According to [image: image], rank the importance of i values completes the evaluation task. The calculation formula of closeness is as follows:
[image: image]
This study uses the four-node importance evaluation indexes of degree centrality (DC), clustering coefficient (CC), intermediate centrality (BC), and H-index centrality (HC) as examples (M = 4) to comprehensively calculate the importance of nodes in the network. In terms of structure, DC, CC, and HC are central indicators based on adjacent properties, and BC is central indicators based on the path. Both local and comprehensive indicators can be reflected in the distribution of indicators. The weight of each index of DC > CC > BC > HC is calculated by the analytic hierarchy process (AHP), and the steps are as follows:
In the first stage, a three scale method (0, 1, and 2) (Zhou and Zhu, 2018) is used to compare each index and establish a comparison matrix.
In the second stage, the comparison matrix is transformed into a judgment matrix through transformation, and the consistency test is carried out. Finally, the index weight is obtained.
The comparison matrix is constructed according to the three scale value method:
[image: image]
The judgment matrix is constructed according to the range method for comparison matrix B, as shown in Table 1. After calculation, the largest characteristic root of the judgment matrix is [image: image], the consistency test index of judgment matrix is [image: image], and the random consistency test index of judgment matrix is [image: image] indicating that the sorting results have satisfactory consistency. The weight of each relevant index is [image: image].
TABLE 1 | Comparative values of importance indicators constructed by the three scale method.
[image: Table 1]3 EMPIRICAL ANALYSIS
The transaction data of listed companies in the automobile manufacturing industry were collected from forecaster.com. The original data are from the Shanghai and Shenzhen stock exchanges.
These are all reliable data sources. Based on the correlation between the transaction data and financial data of listed companies in the automobile manufacturing industry, this study analyzes the characteristics and trends of the development of the automobile manufacturing industry to construct China’s automobile financial market network. The data of enterprise environmental protection input required in this study comes from the corporate social responsibility report (or sustainable development report or environmental report). With the issuance of the guidelines on social responsibility of listed companies (2006) of Shenzhen Stock Exchange and the guidelines on environmental information disclosure of listed companies (2008) of Shanghai Stock Exchange, the number of corporate social responsibility reports is increasing, which provides an available data source for this study.
The authors study the relationship between the network structure of the financial market and the multi-index sustainability evaluation of enterprises and obtain a more intuitive enterprise development evaluation method.
3.1 Descriptive statistics of the development of the automobile manufacturing industry
3.1.1 Statistical analysis of automobile manufacturing industry
According to the industry classification guidelines for listed companies issued by the CSRC, the number of listed companies in China’s automobile manufacturing industry increased from more than 70 to nearly 140 from 2012 to 2020. According to the daily closing price of Shanghai and Shenzhen stock exchanges, the market value of the automobile manufacturing industry is expanding. The total market value has increased from 559.3 billion yuan in the fourth quarter of 2012 to 2.55 trillion yuan in the fourth quarter of 2020, accounting for 3.2% of the total market value in the same period.
As shown in Figure 1, from 2012 to 2020, BYD, SAIC Group, GAC group, Great Wall group, and other enterprises were ranked among the top in market value, and the ranking showed a changing trend. From the perspective of trend, since 2012 to 2020, the market value of enterprises in the automobile manufacturing industry fluctuated and increased evenly from 2012 to 2015. After reaching the peak in 2015, it showed an inverted “V” shape from 2015 to 2018 and entered a new round of inverted “V” shape fluctuation from 2018 to the end of 2020. BYD has little fluctuation in this trend, and the overall upward trend is obvious. From 2019 to the end of 2020, the market value change is also the largest. In fact, Great Wall Motors and Changan motors are inseparable from their continuous efforts and achieving a notable performance in the field of new energy. SAIC’s total market value ranks first in the automobile manufacturing industry in most quarters. BYD has achieved reverse surpassing due to its continuous efforts in new energy by 2020. After the market value reached a high point in 2017, it has not recovered to the level of market value in 2017 after cyclical fluctuations. The changes in the market value of SAIC and BYD reflect investors’ recognition for the development of new energy and the technological capacity of enterprises supported by the state.
[image: Figure 1]FIGURE 1 | Changes in the total market value of key enterprises in China’s automobile manufacturing industry from 2012 to 2020.
The 19th National Congress of the Communist Party of China agreed in their report to construct a market-oriented green technology innovation system, expand energy conservation and environmental protection industries and clean energy industries, and promote the revolution in energy production and consumption and construct a clean, low-carbon, safe, and efficient energy system. In the government work report of the State Council in 2021, the executives bolster the need to intensify jobs in carbon peaking and carbon neutralization and formulate an action plan for reaching the peak of carbon emissions by 2030 and optimize the industrial structure and energy structure. As shown in Table 2, from 2012 to 2020, the average carbon dioxide emission of single-vehicle in China decreased year by year, and the pollutant emission did not rise but fell. The average pollutant emission per vehicle has been declining. It is observed that China’s measures to strengthen the prevention and control of air pollution have achieved tangible results. As green transportation with broad development prospects, new energy vehicles, especially electric vehicles, are an important means to tap the potential of traffic carbon reduction and improve the level of traffic electrification and an important way to achieve the goal of “carbon peaking and carbon neutralization”. Promoting the green, low-carbon, and sustainable development of the automobile industry has become an important part of national economic development.
TABLE 2 | Statistics of vehicle ownership and pollutant emission in China from 2012 to 2020 (Ministry of Ecology and Environment of the Peoples Republic of China, 2016).
[image: Table 2]By 2020, China’s automobile output was ranked first in the world for 12 consecutive years. The new energy vehicle market has exceeded one million for three consecutive years, showing a sustained and rapid growth trend, ranking first globally for 6 years. As an important pillar of the national economy, the automobile industry drives the rapid development of upstream and downstream-related industries, which is of great significance in stabilizing industrial development, promoting residents’ consumption, ensuring taxes and employment, and promoting scientific and technological development innovation. China’s automobile manufacturing industry plays an important role in the sustainable development of the national economy, society, resources, and ecology. The automobile industry has become the leader driving China’s new round of economic growth and maintaining continuous rapid growth. The automobile manufacturing industry has become the main force of China’s economic development.
3.1.2 Analysis of total correlation and negative correlation
The figures show the statistics on the correlation coefficient of the stocks of listed companies in the automobile manufacturing industry. The non-zero value of the correlation coefficient of each quarter was divided into 50 groups to make the frequency histogram and carry out the Jarque BERA test. The number of each group meets the normal distribution criteria, and the estimated value of the mean value μ ranges from 0.0136 to 0.4507. The estimated value of the standard deviation σ ranges from 0.2780 to 0.4665. According to the Jarque BERA test result for the relevant data itself, in the statistics of 2012–2020, the value of H is 0 only in the first quarter of 2012, and the rest are one. The hypothesis of normal distribution of correlation among listed companies in the automobile manufacturing industry can therefore be rejected. It also indicates that the correlation coefficient contains other information. As shown in Figure 3, from 2012 to 2020, the market value of listed companies in China’s automobile manufacturing industry is expanding and the number of listed companies with correlation is also increasing significantly, but the proportion of negative correlation is fluctuating, indicating that the overall development of the automobile industry is strong but the development among enterprises is not stable.
Figure 2 shows large fluctuations in early 2014, early 2016, and mid-2017. This is a huge new energy experimental market led by the government. The state attaches great importance to the new energy vehicle industry. The 2014 is considered to be the first year of China’s electric vehicles. In the quest to support new energy vehicles, there are 16 new policies that have been issued this year as well as some subsidy policies. At the end of September 2015, the State Council launched the policy of halving the purchase tax to promote the development of new energy and small-displacement vehicles and eliminate vehicles with excessive emissions. In October and November of that year, China’s data show that the country sold 1.87 million sedans with 1.6 L or less, a year-on-year increase of 9.8%. In November, the sales volume of new energy vehicles was nearly 25,000, a year-on-year increase of 2.4 times.
[image: Figure 2]FIGURE 2 | Quarterly changes of total stock correlation and negative correlation in China’s automobile manufacturing industry from 2012 to 2021.
Figure 3 shows the number of negative correlation coefficients in the third quarter of 2015 and the first quarter of 2016. The first quarter of 2020 (special time) is very low, and the proportion is close to zero. In 2015, due to the high share price, the large proportion of leveraged funds, short-selling of stock index futures, reduction of senior executives of listed companies, and acceleration of the issuance of new shares in China’s stock market plummeted, and individual stocks fell by 75% in just 2 months. At the beginning of 2016, shares were closed early twice, and nearly 2000 stocks in the two markets fell by a limit. The market value declined by more than 4.24 trillion on January 4 and by more than 3.8 trillion on January 7. In 2020, due to the sudden outbreak of the COVID-19 epidemic in the world, the stock market and commodity futures market experienced severe turmoil. The trend of stock data in the financial market of the automobile manufacturing industry is the same in these periods. The biggest reason for the market fluctuation of automobile manufacturing enterprises is the influence of the change in the form of the whole financial market. The change of each enterprise has little influence due to its factors, and the correlation coefficients between enterprises are highly consistent. The financial market is at a stage of great risk, and the number of negative correlation coefficients is naturally insufficient. It does not have the basic conditions for building a network.
[image: Figure 3]FIGURE 3 | 2012–2020 Shanghai and Shenzhen stock markets of China’s automobile manufacturing industry negative correlation quarterly changes.
To sum up, when the stock market is at extreme risk, investors cannot avoid the impact of extreme risk unless they leave the market at that time. The low negative correlation ratio statistics show that the negative correlation coefficient among enterprises decreases when encountering the stock market crash, fuse, public health emergencies, and other events. The influence of force majeure is enormous. At this time, the stock market risk is at a great stage. The proportion fluctuation of negative correlation provides an important reference for judging the development risk of the industry.
3.2 Correlation coefficient and negative correlation network analysis
3.2.1 Analysis of negative correlation network degree
Through the aforementioned analysis, the network is constructed based on the negative correlation between the two listed companies in each quarter further to analyze the other information in the correlation coefficient. The Chinese automotive financial market network is obtained by quarter classification (see Figure 4 for example).
[image: Figure 4]FIGURE 4 | Network diagram of China’s auto finance market in the fourth quarter of 2018.
As shown in Table 3, the negative correlation network is formed by calculating the correlation coefficients of listed companies in 33 quarter. Each quarter’s top 10 listed companies are counted. SAIC Group, Yutong Bus, Great Wall Motor, Boying investment, and Baling Technology rank among the top five, including SAIC Group, Yutong Bus, Great Wall Motors, and others, with typical characteristics in China’s automobile manufacturing industry. They are generally leading enterprises in some aspects. For example, the SAIC Group has many brands and ranked first in domestic sales for 15 consecutive years. Yutong Bus ranked first in the production and sales of large and medium-sized buses, whereas Great Wall Motor is the largest SUV manufacturing enterprise in China. There are also high-risk enterprises with poor financial conditions, such as Boying investment and baling technology. As shown from Table 4, Boying investment (000760) has been ranked in the top 10 networks composed of negative correlation since 2012. The company has experienced several changes in business scope and key products and was finally delisted by the CSRC due to financial problems.
TABLE 3 | Top 10 quarterly statistics of China’s auto finance market network from 2012 to 2020.
[image: Table 3]TABLE 4 | Statistics of changes in company name and degree of Boying investment (000760) from 2012 to 2020.
[image: Table 4]Based on the aforementioned analysis, in the financial market network of the automobile manufacturing industry, the top companies are mainly the leading enterprises in the industry. The comprehensive strength of the business system and the individual strength of the industry segments have an important influence, which is radial and mainly accumulated influence. The impact of the financial situation of enterprises in the industry cannot be ignored. This impact on the industry network increases the volatility of the financial market, and the passive changes of relevant enterprises increase the uncertainty of the financial market.
3.2.2 Analysis of clustering coefficient of the negative correlation network
Through the comparative analysis of the average clustering coefficient, Figure 5 shows that the quarterly change of the average clustering coefficient from 2012 to 2020 is between 0 and 0.38, and the change of the average clustering coefficient presents the characteristics of periodic change. The change of the average clustering coefficient of the network has obvious periodic fluctuation, and the cycle fluctuates up and down in 3 years.
[image: Figure 5]FIGURE 5 | Quarterly variation of average clustering coefficient of China’s auto finance market network from 2012 to 2021.
Table 5 shows the top 10 negative correlation network degree of the automobile manufacturing industry in China’s stock market from 2012 to 2021, * ST Site, Xingmin Zhitong, and Jiangling Automobile ranks top. The clustering coefficient can well express the relationship between enterprises. Some enterprises with high clustering coefficient are superior to the same industry in operation, and some are on the verge of bankruptcy because of poor management. According to the clustering coefficient definition, the clustering coefficient’s determination is directly related to the degree of nodes, degree of nodes, and density of connections. From the definition of clustering coefficient, we can infer that the larger the clustering coefficient is, the more connections the related enterprises. Among the related listed companies in the automobile manufacturing industry network, the direct impact comes from the daily rate of return of listed companies. The reason is that there are synchronous relations between national policy guidance, market competition, and supply chain. It can be seen from Table 5 that the enterprises with the highest clustering coefficient are less well-known than the enterprises with the highest clustering coefficient, and there is no display degree of leading enterprises. This is reflected in the network diagram in Figure 4. Their degree value is not too high and has little correlation with the degree value.
TABLE 5 | Statistics of the top 10 network clustering coefficients of China’s auto finance market from 2012 to 2020.
[image: Table 5]3.2.3 Negative correlation network betweenness analysis
According to Figure 6, the average network medium fluctuated below 50, and the periodicity is not obvious. In the second quarter of 2020, the average number of network betweenness suddenly rose to 214.3. There was a sudden change in the number of nodes participating in the shortest path. According to the China Automobile Industry Association statistics, in the first quarter of 2020, the production and sales of new energy vehicles in China fell sharply, with a year-on-year decrease of 60.2% and 56.4%, and the major automobile manufacturing enterprises entered a dormant state. From January to June 2020, 10.012 million and 10.257 million vehicles were produced and sold with a year-on-year decrease of 16.8% and 16.9%, respectively, and the decline continued to narrow. The automobile manufacturing industry has shown the toughness of the industrial chain in hitting bottom and rebounding, which is reflected in the huge fluctuation in the average medium.
[image: Figure 6]FIGURE 6 | Quarterly changes in the average number of betweenness in China’s auto finance market network from 2012 to 2021.
The number of nodes refers to the number of shortest paths through nodes in a network, reflecting the importance of nodes as a “bridge”. Because there are many connections between enterprises in the automobile manufacturing network, many edges can be formed. The premise of calculating the intermediate number is to obtain the shortest path between two points and to traverse all possible paths between two points. The final result is the minimum spanning tree. Table 6 that the top average betweenness in the network are mainly enterprises with advantages in parts, power systems, vehicle control systems, and other industries.
TABLE 6 | Statistics of top 10 network betweenness in China’s auto finance market from 2012 to 2020.
[image: Table 6]According to the analysis of the companies with the highest rankings, the number of small and medium-sized companies in the supply chain in the automobile manufacturing industry exceeds the average network number. The stable production of these enterprises is very important for the healthy and sustainable development of the entire industry. In the current dispensation where the automobile manufacturing industry is moving toward intelligent and electric development, whether it is software or hardware such as chips and technology platforms, the automobile manufacturing industry is becoming increasingly systematic. In some aspects, enterprises with R and D, technology, and manufacturing advantages will play an important role. Mastering the key technologies in the core fields has become the general trend of transforming traditional automobile enterprises. The autonomy and controllability of core technologies will also become the fundamental competitiveness of traditional automobile enterprises to deal with industrial transformation and new entrants.
3.2.4 H-index analysis of negative correlation network
As can be seen from Figure 7, the average H-index in the second quarter of 2017 and the second quarter of 2020 is 10.29 and 10.28 respectively, and the average H-index also fluctuates periodically, with a cycle of about 3 years, 2012–2015, 2015–2018, and 2018–2020.
[image: Figure 7]FIGURE 7 | Quarterly change of average H-index of China’s auto finance market network from 2012 to 2021.
As can be seen from Table 7, the enterprises with the top H-index in the network, the enterprises with which they have business contacts, have huge advantages in some aspects, and the enterprises themselves and their affiliated enterprises have certain or overall advantages. It is revealed from the H-index that the advantages of a strong alliance in the automobile manufacturing industry are relatively prominent, which can reflect the agglomeration effect of the industry.
TABLE 7 | Top 10 statistics of China’s auto finance market network H-index from 2012 to 2020.
[image: Table 7]3.3 Evaluation and ranking of negative correlation network sustainability nodes
Next, the index of degree, clustering coefficient, intermediate number, and H-index of listed companies in the automobile manufacturing industry will be counted, respectively. As shown in Table 8, the list of the top 10 in the evaluation for the three quarters is given. In Table 9, we have the statistical result for comprehensive evaluation of network sustainability nodes of China’s auto finance market from 2012 to 2020. These indexes will be subject to the multi-attribute comprehensive evaluation and sorted according to the importance of network nodes to verify this performance evaluation’s effectiveness.
TABLE 8 | Multi-index sustainable evaluation index table of China’s auto finance market network from 2012 to 2020.
[image: Table 8]TABLE 9 | Statistical table for comprehensive evaluation of network sustainability nodes of China’s auto finance market from 2012 to 2020.
[image: Table 9]The sustainability evaluation of the automobile manufacturing industry refers to the evaluation of whether the established strategic objectives can be achieved on schedule and produce better benefits when the automobile manufacturing enterprise enters into operation, and whether the automobile manufacturing enterprise can continue to achieve the established objectives and have repeatability depending on its ability. Sustainability assessment mainly includes government policy, management, organization and participation, and technical factors.
The aforementioned analysis shows that the ranking of node importance may objectively find the development of enterprises in China’s automobile manufacturing industry to arrange the investment focus more reasonably. The multi-attribute evaluation of the listed companies in the automobile manufacturing industry can obtain more information than the traditional evaluation method and thus coordinate the development of the listed companies.
3.4 Environmental protection investment
Table 10, the social responsibility reports of listed companies in the automobile manufacturing industry specified 66 reports on EPI, accounting for 7.7% of the listed companies in the industry from 2012 to 2020. More than 190 EPI projects were collected in all social responsibility reports.
TABLE 10 | Number of EPI announcements issued by listed companies in the automobile manufacturing industry.
[image: Table 10]It can be seen from Table 11 that in the year of high market value of EPI, the investment will be more than 1% from 2015 to 2017. At the same time, it shows that the EPI of listed companies in the automobile manufacturing industry is not proportional to the change of the company’s market value. For the sustainable development of enterprises, there are passive factors in environmental protection investment. National policy guidance and legislation are meaningful for the performance of corporate social responsibility.
TABLE 11 | Ranking of market value ratio of EPI of listed companies in automobile manufacturing industry from 2012 to 2020.
[image: Table 11]4 CONCLUSION
The analysis of the negative correlation network formed by the transaction data of listed companies in the automobile manufacturing industry shows that the network structure and multi-index sustainable evaluation method are easy to operate and objective, and feasible. The degree analysis of the network can effectively identify the industry’s leading-edge with special financial conditions. The clustering coefficient can directly find out the enterprises independent of the general characteristics of industry development. The dynamic changes of network indicators in different quarters show the development heterogeneity of listed companies in the automobile manufacturing industry. By evaluating the intermediate number, we found the minimum spanning tree of the network and obtain the core network composed of key enterprises in the automobile manufacturing industry. The intuitive nature of the network makes it less difficult to spot problems such as business operations. The head aggregation effect of leading enterprises can be seen through the H-index. The comprehensive evaluation method of node importance of multi-attribute decision-making can scientifically integrate several network indicators, overcome subjective speculation, and realize fair and impartial performance evaluation. Thus, from the original simple quantitative statistics to intuitive discovery, performance appraisal is also an important change.
Through the quarterly changes in the market value of listed companies in the automobile manufacturing industry, it can be observed that with the national policy guidance on the electric and intelligent automobile manufacturing industry, BYD, for example, can meet the development requirements and have core competitiveness, which is the key to enterprise development and the foundation of sustainable development. The proportion fluctuation of negative correlation provides an important reference value for judging the development of the industry. In particular, when the stock market is at extreme risk, investors cannot avoid the impact of extreme risk unless they leave the market at that time. The number of negative correlation coefficients is naturally insufficient, and they do not have the basic conditions to build a network. From the ranking of relevant networks, we can realize the position of an automobile manufacturing enterprise in the industry, which can provide early warning information for investors. The network’s average clustering coefficient and H-index have obvious periodic fluctuation, whereas the average betweenness is not obvious. For investors, this study should be vigilant for those who rank high in multi-attribute sustainability. For those enterprises whose business conditions are not ideal but often rank high, it is necessary to expand the channels of evaluation information not only from the financial point of view but also make a comprehensive analysis of their production and operation conditions to reduce the probability of investment risk.
Through the network structure index and empirical research, it is found that there are three main types of relationships among automobile manufacturing enterprises. The first is the unified change balance affected by national policies and macro factors on the automobile manufacturing industry. The second is the influence of leading enterprises in the industry or the enterprises with great influence in a certain direction. The third category is the impact of directly linked supply chains. For automobile manufacturing enterprises, through this method, we should pay attention to the smooth connection between enterprises in automobile production, supply chain and sales. During the recent epidemic, many enterprises stopped production and reduced production due to the epidemic, which affected the supply of the whole industry.
The statistical analysis of multi-index sustainability evaluation of individual stocks is beneficial to the overall evaluation of the automobile manufacturing industry. It has important reference significance for investors and enterprise producers. It can not only find out the existing problems but also help enterprises conduct self-analysis and promote the development of enterprises.
The topology of each node in the complex network system is different, and even the characteristics of each node are diverse. It is of great significance to analyze the importance of nodes in the complex network using quantitative methods, which can effectively guide people to improve the performance of important nodes and avoid disadvantages according to needs. The evaluation of the nodes is helpful to determine the nodes in the network to improve the efficiency of the whole network system and achieve a specific purpose.
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1 SAIC Group 10 It has joint ventures Shanghai Volkswagen and Shanghai GM.
2 Great Wall 10 Set up a joint venture with BMW holdings, beam automobile
Automobile
3 Yutong Bus 9 (1) Power battery system, motor, and integrated motor controller are jointly developed with suppliers with
the highest comprehensive strength in the industry
(2) It has formed close partnerships with industry-leading enterprises like Ningde times and Suzhou
Huichuan
4 *ST Steyr 8 Member units of Dongfeng Motor Group
5 Wanfeng Aowei 8 (1) It was successfully selected for the 2017 national intelligent manufacturing pilot demonstration project

(2) Aluminum alloy wheel hub, environmental protection Dacromet coating, lightweight magnesium alloy,
die-stamping business, and general aircraft manufacturing business
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1 *ST Steyr

‘The main business is the production, operation, and sales of auto parts. Steyr power products have been
extended to the vehicle, marine, generator set, aviation, railway, and other fields

2 Xingmin Zhitong

(1) Itis one of China's largest high-strength and lightweight wheels production bases. The company has more
than 200 exclusive steel wheel products with domestic leading technology and has the first-class supplier
qualification of more than ten domestic and foreign vehicle enterprises

(2) 1t has formed a development pattern of a group company involved in wheel R and D, production and sales,
intelligent internet-connected vehicle hardware, and data services

(3) From 2018 to 2020, the actual controller of Xingmin Zhitong has changed three times. 2019, 2020, and
2021 have suffered losses for three consecutive years

3 Jiangling Motors

(1) The main products include JMC brand light truck, heavy truck, pickup truck, light bus, Yusheng brand
SUV, Ford brand light passenger, MPV, and other commercial vehicles and Ford SUV products

(2) Ford accounts for 30% of the company’s total share capital and is the company’s second-largest
shareholder

4 Molding
technology

(1) The service supply of high-end automobile exterior trim systems is leading in China, and the production
strength of automobile bumpers is strong

(2) In China, the production base is located near the important main engine factory. Attach importance to
international production and build factories in Mexico and the United States

(3) The service objects of internal and external decorative parts such as bumper cover key automobile
manufacturers of Shanghai GM, Shanghai Volkswagen, Beijing Benz, brilliance BMW, Tesla, and Beijing
Hyundai

5 Ankai bus

(1) It has the longest bus assembly line in China. Jac is the largest shareholder of the company. It has strong
complementarity with Jianghuai bus products

(2) The research and development achievements of new technologies in the field of new energy are rich, and
the cutting-edge level is national intellectual property advantage enterprises, high-tech enterprises, innovative
pilot enterprises, etc.

T





OPS/images/fenvs-10-907311/fenvs-10-907311-t006.jpg
Ranking Enterprise

Number of

Enterprise characteristics, industry

statistics advantages, and landmark
in the first events
10
1 SAIC Group 12 It covers all the automobile industry chain links, conducive to giving full play to the synergy and enhancing
overall competitiveness
2 *ST Steyr 8 (1) It is a large auto parts manufacturer in Hubei Province and a key enterprise in the machinery industry in
Hubei Province. Production and marketing rank at the forefront of the national axle gear industry
(2) A power system solution supplier integrating power system R and D, manufacturing, assembly, and sales
3 Yutong Bus 8 (1) Most of the main parts of Yutong Bus Company are purchased from domestic auto parts leading enterprises
and international auto parts giants
(2) The whole vehicle control system and key parts of the new energy bus are independently developed and
produced
4 St Baling 7 As an auto parts company, it serves the whole vehicle production enterprise. The main supporting markets
include FAW Jiefang, FAW Liuzhou, Dongfeng Liuzhou, SAIC-GM Wuling, Chongging Chang’an, Chery,
Livzhou Engineering, and Yuchai Machinery
5 Huayu 7 (1) It has one of China’s most perfect independent auto parts supply systems
automobile

(2) The main business of R and D and transportation engineering is vehicle assembly and its sales

(3) The predecessor was Shanghai Automotive Industry (Group) Corporation (now referred to as “SAIC
Group”) which independently supplied auto parts business, and the controlling shareholder of the company
was SAIC Group

(4) Professional research and development, production, and sales of tube and belt copper or aluminum heat
exchanger products
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SAIC Group

11

(1) The sales volume has remained the first in China for 15 consecutive years

(2) SAIC Volkswagen, SAIC-GM, SAIC-GM Wuling, SAIC Zhiji automobile, Feifan automobile, Nanjing
Iveco, passenger car branch, Datong, Hongyan, Shanghai Shenwo, and other vehicle enterprises

(3) Many single champion enterprises in subdivided industries such as parts, auto finance, and auto
logistics

Yutong Bus

Boying investment
(Steyr)

10

(1) By the end 0f 2020, the company’s production and sales volume of large- and medium-sized passenger
cars ranked first in the industry

(2) It integrates the R and D, manufacturing, and sales of bus products. The products mainly serve the bus,
passenger transport, tourism, group, school bus, and special travel market segments

(1) In 2013, Austrian Steyr’s technology research and development were incorporated into the system of
listed companies, initially forming an industrial pattern focusing on the provision of the power system. It
was renamed Steyr in June 2014

(2) In 2019, due to losses for three consecutive years, “special treatment to warn of the risk of termination
oflisting” was implemented. In 2021, the company was subject to administrative punishment by the China
Securities Regulatory Commission. There were false records in the financial data of the company’s annual
report from 2014 to 2016, and it was delisted on 23 July 2021

Great Wall Automobile

(1) A world-renowned SUV and pickup truck manufacturer owns five vehicle brands: Haval, wey, Euler,
tank, and Great Wall pickup truck. Its products cover three categories: SUV, car, and pickup
truck—China’s largest SUV manufacturing enterprise

(2) Have the independent supporting ability of core parts such as engine and transmission. Over
investment in R and D has been maintained, with a cumulative investment of nearly 10 billion yuan, a
technical team of more than 10,000 people, and the ability to design and develop ten complete vehicles
simultaneously

St Baling

Professional research and development, production, and sales of tube and belt copper or aluminum heat
exchanger products
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Quarterly sort Enterprise name degree Quarter
1 Boying investment 51 201,204
1 Boying investment 14 201,301
] Boying investment 3 201,303
4 Boying investment 5 201,304
4 Steyr 17 201,403
3 Steyr 3 201,504
8 “ST Steyr 36 201,904
3 *ST Steyr 74 202,002

The stock has lost money for three consecutive years and ST has lost money for two

consecutive years.
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Year Car ownership Ownership of Discharge of main pollutants Total Average emission
new energy pollutant per vehicle
vehicles discharge

CO pollutant HC NOx PM
emission
100 million vehicles 10,000 vehicles 10,000 tons 10,000 tons 10,000 tons 10,000 tons 10,000 tons 10,000 tons/kg/vehicle
year

2012 108 2,865.5 3452 582.9 592 38528 35550

2013 126 29121 349 588.7 567 39065 31072

2014 145 29427 3518 5789 55 39284 27182

2015 162 3,009.1 3584 5849 536 4,006 24775

2016 184 1014 2,998.5 355 5436 512 39483 21416

2017 217 1530 29203 3422 5328 488 3,844.1 177.15

2018 240 261.0 2,859.3 3267 5219 422 3,750.1 156.25

2019 260 3810 6943 1712 6222 69 14946 57.48

2020 2581 4920 6938 1724 6137 64 14863 5289

sovion; carbien monoside B hyivocasbon; Mi0ix;

rogen oxide; PM, particulate matter.
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Patent applications’ lag Patent applications’ lag High-order

one phase (1) two phase (2) standard error (3)
post, x treatedzors 0.1434"* (0.0436) 0.1399"* (0.0469) 0.1538" (0.0875)
cons 27569 (2.8060) 05915 (2.9685) ~0.0159 (1.6240)
Firm Control YES YES YES
Province Control YES YES YES

Year Fixed Effects YES YES YES
Province FEx tt Trend YES YES YES
Inclustry FE x tt Trend YES YES YES

Firm Fixed Effects YES YES YES
Adj-R 06648 06713 06792

N 10,683 8810 12,602

Note: The standard errors are reported in parentheses. *, **, *** represent significance at 10, 5, and 1% confidence levels, respectively. Control variables are consistent with the baseline

regression.
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Lag one phase (1) Lag two phase (2)
post; x treatedzors 0.1672"** (0.0488) 0.1533"** (0.0520)
cons -3.8557 (3.1404) -0.5293" (3.2850)
Firm Control YES YES
Province Control YES YES
Year Fixed Effects YES YES
Province FEx tt Trend YES YES
Inclustry FEx tt Trend YES YES
Firm Fixed Effects YES YES
AR 06821 06838
N 10,683 8810

Note: The standard errors are reported in parentheses. *,
regression.

", *** represent significance at 10, 5, and 1% confidence levels,

Gl (3) Gl (4)

0.1762"** (0.0366) 0.1538"** (0.0373)
-3.216 (24790) -0.0163 (2.9860)
YES YES
YES YES
YES YES
NO YES
NO YES
YES YES
06759 06792
12,605 12,602

, respectively. Control variables are consistent with the baseline
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Gl (1) Gl (2

post: x treated;zo1s 0.1762** (0.0707) 0.1538"** (0.0373)
cons -3.2007 (2.2449) -0.0159 (2.9680)
Firm Control YES YES
Province Control YES YES

Year Fixed Effects YES YES
Province FE x tt Trend NO YES
Indlustry FE x tt Trend NO YES

Firm Fixed Effects YES YES
Adj-R? 0.0321 0.6792

N 12,713 12,602

Note: The standard errors are reported in parentheses, clustered by fim. *, ™, ***
represent significance at 10, 5, and 1% confidence levels, respectivaly.
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Enterprise-level control variables ocF
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Mkt

Province-level control variables Ind
Pol
Plev
Green

Control group Treatment group t-Value

Mean (1) Std. dev. (2) Mean (3) Std. dev. (4) )
03793 08205 06504 1.1874 -9.1436""

216543 1.0233 22.4829 1.4496 —22.4722'
0045 00706 -00245 01257 26,3558
00326 00736 0.0204 0.0966 464347
03743 00554 03699 00508 22828
85053 1.5725 9.0305 1.8626 -9.4569"
27012 0.419953 2.861 0.321 -11.0832"**
66494 3073 56449 2813 9.4381"
0.2344 0.1756 0.2708 0.2517 -5.7447
8.2905 1.9142 7.4972 1.9874 11.8664"
04368 00811 0.4532 0.0803 -5.8192""
86113 06238 85755 0654 1.643
07787 00445 0.7860 00454 -47163"
04002 00306 0.405 00341 38559
11,827 836

represent significance at 10, 5, and 1% confidence fevels, respectively.
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Year Enterprise EPI EPI/Market value
2017 Foton Motor 129,948.1 0.058
2015 Wanxiang Qianchao 56,4203 0022
2016 Wanxiang Qianchao 55,300 0.015
2016 Foton Motor 25,059 0.014
2016 Changan Automobile 92,745 0.014
2015 SAIC Group 278,000 0.011
2015 Foton Motor 168199 0.009
2019 Feilong Co., Ltd. 3,060 0.009
2019 Jinfei Kaida 161085 0.006
2020 Jinfei Kaida 1,113.196 0.006
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Stock code  Stock name Degree Clustering coefficient Betweeness H-index Multi-index evaluation Quarter
000,760 Boying investment 51 00031 3,195.52 3 136 E-03 201,204
000,017 *St Zhonghua 41 00000 2028.70 3 108 E-03 201,204
002,555 Shunrong Co,, Ltd 7 01905 155.08 3 1.82E-05 201,204
002,703 Zhejiang Shibao 5 0.1000 23652 3 131E-05 201,204
600,609 Jinbei Automobile 3 03333 68.67 3 7.79E-06 201,204
002,590 Wan'an Technology 3 00000 58.10 3 7.78E-06 201,204
600,988 ST Baolong 3 03333 38.65 3 7.77E-06 201,204
601,633 Great Wall Automobile 3 00000 1496 3 7.76E-06 201,204
600,501 Aerospace morning light 3 00000 500 2 7.76E-06 201,204
600,375 Valin star horse 2 00000 5848 2 5.21E-06 201,204
002,592 Baling Technology 26 00062 2,178.48 5 7.04E-05 201,901
000,981 Yinyi shares 16 0.0417 930.90 6 4.23E-05 201,901
603,158 Tenglong Co,, Ltd 16 00250 812,87 5 420E-05 201,901
600,139 Western Resources 16 00333 649.16 5 418E-05 201,901
603,922 Jin Hongshun 10 00444 470,66 5 2.62E-05 201,901
002,765 Landai transmission 10 00000 336.80 3 2.60E-05 201,901
002,602 Century Huatong 9 01111 45247 5 2.36E-05 201,901
002,725 Yueling Co,, Ltd 8 01071 591.30 5 2.14E-05 201,901
600,375 Valin star horse 7 01429 454.66 6 186E-05 201,901
600,104 SAIC Group 6 00667 41142 5 160E-05 201,901
000,980 “ST Zhongtai 44 00444 277270 12 1166 E-03 202,003
605,333 Huguang Co,, Ltd ) 00453 241122 1 1108 E-03 202,003
605,088 Guansheng Co,, Ltd 39 00243 2,382.68 9 103 E-03 202,003
000,572 ST Hippocampus 30 00414 2,659.50 9 8.17E-05 202,003
603,730 Daimei Co, Ltd 27 00598 1,393.58 9 7.09E-05 202,003
603,922 Jin Hongshun 27 00370 1,061.26 9 7.04E-05 202,003
601,799 Xingyu Co., Ltd 25 00533 1423.47 8 6.60E-05 202,003
002,592 ST Baling 2 00593 54298 8 5.95E-05 202,003
002,863 Jinfei Kaida 18 00850 627.03 9 4.68E-05 202,003
600,178 Dong'an power 17 01691 347.95 10 439E-05 202,003
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Variable Code Model 2 Model 3 Model 4 Model 5
Constant terms a 1.093"* (8.65) 0.785"" (62.99) 0.442"** (-21.30) 1,154 (-9.33)
Control variables Gl 0.236™" (2.89) 0074 (2.40) 0,124 (-1.50) 0.164* (-2.05)
D 0352 (4.79) 0.0785"* (4.179) 0.346" (-4.70) 0.321"** (-4.52)
G 0477 (1.72) -0.382"** (~12.96) 0.395"" (-3.96) 0232 (-2.32)
Independent variables IS(1) 0074 (2.40) -0.296"* (-3.64) -0.273** (-3.496)
Intermediiate variables ET -0.910"* (-5.68) -0.914"* (-5.83)
F 145.88" 86.59" 134.49" 12347
R2 0.501 0.458 0579 0585

-epresent 10, 5, 1% significant levels respectively: @ Standard deviation of coefficients in parentheses.
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Variable

Constant terms
()]
0
@
1S)

ED

dependent
variable

Shanxi Anhui Sichuan
Model Model Model Model Model Model Model Model Model
2 3 4 2 3 4 2 3 4
0680 0725 -0.309" 1,679 0651 0950 0703 0932 0661
(-3.08) (2r.02) (-1.79) (-6.94) (-3386) (1359) (-3.75) (-30.90) (-7.62)
0697 0055  0576"(377)  -0.109  0019(-051) 0.143(1.07)  0474™  -002(-033 022(-126)
(-4.47) (-084) (-0.76) (-2.90)
0276™  0049" 200) 0326™ (3.94) 0.131(-077)  -0.127"" 0410 (276) 0585 0008 (-0.10) 0.32 (-144)
(-3.19) (-3.12) (-2.71)
025(-1.56)  -0.235™  0.306™ (1.98)  0.593"" -0029 0158 (0.78) -0.156 0199 0.162 (-0.89)
(-5.70) (-0.52) (-052) (-0.78) (-2.94)
0313373 -2474" 0347 1,693 0389 ~0675""
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represent 10, 5, 1% significant levels respectively; @ Standard deviation of coefiiciants i parentheses.
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Variable

Constant terms
Control variables

Independent variables
Intermediate variables

Code

Model 1

0.377"* (37.57)
0.201" (2.37)
0337 (3.28)
0308 (5.00)

170.61**
0.558

Model 2 Model 3

1.093"* (8.65) 0.79"* (111.47)
0.236™ (2.89) 0087 (2.89)
0352 (4.79) 0061 (2.97)
0.177 (1.72) -0.372"** (-12.50)
0079 (3.98)
-0.910"* (-5.68)
14588 84.56"
0.501 0.460

represent 10, 5, 1% significant levels respectively: ® Standard deviation of coefficients in parentheses.

Model 4

0.635"* (13.18)
0217 (2.65)
0.376™ (5.12)
0.260"** (2.60)

0,804 (-5.46)

144,51
0.689

Model 5

1.365"" (10.47)
0253 (3.22)
0347 (4.92)

0.097 (0.97)
0816 (-5.78)
-0.923"** (-5.99)

13274
0622
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Variable type

Independent variables
Intermediiate variables
Dependent variable
Control variables

Variable

Industrial structure
Environmental pressure
Ecological resiience

Total investment in fixed assets
Gross regional product per capita
Regional GDP

Code

Mean

0.302
0.749
0.551
0.182
0.161
0.226

Standard

0.088
0.070
0177
0.190
0.158
0.199

Maximum

0.659
0.893
0.933
1.000
1.000
1.000

Minimum

0.180
0.546
0.108
0.000
0.000
0.000
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Variables

Estimations

Intercept

8.117

-0.032

Xz

-0.000003259

Xa

0.261

Xs

-0.00000156

Xs

0.056
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First Level Indicator Second Level Indicator Unit Weight Attribute

Environmental stress Total population at year-end Milion people 0.1941 Negative
Natural growth rate % 0.1521 Negative
Per capita residential water consumption Ton 0.1463 Negative
Electricity consumption per resident Milion kwh 0.2067 Negative
Household gas consumption per capita Milion Ve 0.1639 Negative
Per capita paved road area %G 0.1369 Negative
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KMO and Bartlett’s Test

KMo 0.624
Bartlett's sphericity test Approximate chi-square 260.451
df 15

p-value 0.000
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First Level Indicator Second Level Indicator Unit Weight Attribute

ecological resilience of the city General industrial solid waste comprehensive utilization rate % 0.0972 Positive
Centralized treatment rate of sewage treatment plants % 0.2223 Positive
Harmless disposal rate of domestic waste % 0.2160 Positive
Green Park area Hektare 0.0578 Positive

Greening coverage of built-up areas % 0.0060 Postive
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Dimension Layer

Command
mandatory

Economic incentive
type

Educational
uidance type

Item

Prohibited emission intensity
Limited breeding intensity

Emission technical standards.
Production technical
specifications

Degree of supervision and
punishment

Manure consumption
transaction

Discount loan intensity
Insurance linkage strength
Degree of green subsidy

Degree of facilty subsidy

Agricultural Technology
Extension intensity
Provide information intensity

Level of publicity and education

Guiding employment degree
Training quidance

Variable Description

The intensity of direct discharge of fecal sewage is prohibited in your vilage (towr)
The intensity of pig farms in your vilage (town) closed or demolished due to
environmental protection

Implementation of standard or zero emission standards in your vilage (town)
The influence degree of your vilage (town) constrained by the technical standards
of green breeding

How much punishment does the government of your vilage (town) impose on the
random discharge of fecal sewage

Convenience of manure consumption transaction in your village (town)

Support of interest discount loans for pig breeding in your vilage (town)
Insurance compensation for pig breeding in your vilage (town)

The degree of green production technology subsidies and environmental
protection subsidies for pig breeding in your village (town)

Support for the purchase of breeding facilties in your vilage (town)

The promotion intensity of green breeding technology in your vilage (town)

The government of your village (town) provides informtion intensity for green
production and breeding

“The publicity and education level of environmental protection and governance in
your vilage (town)

Your village (town) guides the farmers to withdraw from other industries
Training and guidance on pig breeding in your vilage (town)

Mean
Value

2.4136
0.4356

2.7960
2.4375

2.4908

3.4007
3.0257
3.3236
3.1636

35312
2.6599

3.1287

3.0276

3.2463
0.8051

Standard
Error

1.1124
1.2627

1.1926
1.0546

1.1658

1.0946
1.1584
1.2680
1.2573

1.1981
3.2568

1.0485

0.5893

1.0397
1.2769
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Target Layer

Degree of adoption of green breeding
technology

Primary Index

Factor reduction technology

Harmless treatment
technology

Resource utilization
technology

Secondary Index

Economic benefits of Technology
Benefits of environmental
protection

Product quality and safety
Economic benefits of Technology
Benefits of environmental
protection

Product quality and safety
Economic benefits of Technology
Benefits of environmental
protection

Product quality and safety

Coefficient of
Variation

0.2885
0.1947

0.3487
03172
0.3339

0.1820
0.2089
04278

0.4439

Secondary
Index

Weight

0.1017
0.0686

0.1230
0.1119
0.1178

0.0842
0.1054
0.1509

0.1565

Primary
Index
Weight

0.2934

0.2938

0.4128
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Sample province

Sichuan Province

Shandong Province

Henan Province

Hebei Province

Total Sample

Data source: The authors’ compilation and analysis of survey data in this paper.

Sample counties

Anyue County
Renshou County

Lacey City
Zhucheng Gty

Tanghe County
Xinxiang Gity

Luannan County
Fanning County

Effective Sample Size

98
64

66
48

77
45

92
54

544

Percentage of Total
Sample (%)

18.01
11.76

1213
8.82

14.15
7.54

16.91
9.93

100
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Province Slaughter Volume of National ranking Per Capita Disposable National ranking

Live Pigs (million Income of Farmers

Head) (million Yuan)
Sichuan Province 66.33 1 133.31 21
Henan Province 64.02 2 138.31 16
Hebei Province 37.09 8 14031 23
Shandong Province 50.83 4 162.97 8

Data source: Siatistical Bullstin of Sichuan, Henan, Hebei and Shandong Provinces hitip:/Avww. stats.gov.clisindsit2019/ndexch.him.
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Variable

Intensity of environmental regulation
Mandatory regulation

Economic incentive regulation
Educational guiding regulation

control variable

Area dummy variable

Correlation coefficient between reduction
technology and harmless treatment technology
Correlation coefficient between harmiess
treatment technology and resource utilzation
technology

Correlation coefficient between reduction
technology and resource utiization technology
Log likelhood

Prob > chi?

Wald chi®

Likelihood ratio experience

Note:

Reduction Harmless Resource Reduction Harmless Resource
Technology Treatment Utilization Technology Treatment Utilization
Technology  Technology Technology ~ Technology
Model (1) Model (2) Model (3) Model (4) Model (5) Model (6)
0.3866™ (0.1503)  0.4092""* 05228 - - -
(0.1413) (0.1393)
- - - 0.1540" (0.0649)  0.3091"** 0.1675"
(0.0566) 0.0783)
- - - 0.4008"** 02450 03740
0.0648) (0.0646) 0.0794)
- - - 0.1486" (0.0669)  0.1912"** 0.1577"
(0.0634) (0.0709)
Controlled
Controlled

0.4231* (0.0021)

0.4048" (0.0872)

0.3996 (0.0774)

-841.4127
0.0000
270.53

P12 = p2g = p1a = 0: chi2 (3) = 228.231 Prob > chi2 =

0.0000

0.4514* (0.0914)

0.3537*** (0.0966)

0.3397*** (0.0855)

-800.19779
0.0000
292.89

P12 = p2s = p1a = 0: chi2 (3) = 143.941 Prob > chi2 =

0.0024

* are significant at the level of 1, 5 and 10% respectively. The output in the table is the estimated marginal effect, and the figures in brackets are robust standard errors.
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Variable

Intensity of environmental regulation
Mandatory regulation

Economic incentive regulation
Educational guiding regulation

Age of head of household
Education level of head of household
Health status of head of household
Degree of risk preference

Green production perception

Proportion of breeding income
Proportion of breeding labor force

Breeding years

Breeding scale
Contract agricuitural participation
Group norms

Social network

Distance to animal husbandry station
Neighbors follow st

Sichuan
Shandong
Hebei

Adjusted R?

F value

WaldChi square value
DWHinspection value
Phase | F value

Variable
Vilage average environmental regulation
intensity

Vilage average order mandatory regulation
Vilage average economic incentive regulation

Guiding regulation of vilage average
education
control variable

sample size

Note:

oLs 2518 oLs 25LS
Model (1) Model (2) Model (3) Model (4) Model (5) Model (6)
0.2141 0.3450™* (0.0274)  0.2704*** (0.0456) o = -
(0.0259)
- - - 00700 00544 0.0368""*
(0.0121) (0.0144) (0.0139)
- - - 0.1063"** 00789 0.0690"**
(0.0121) (0.0129) 00173)
- - - 00648 0.0941*(00436) 00751 (0.0367)
0.0112)
- -0.0008 (0.0022)  0.0005 (0.0015) - 00011 (0.0014)  0.0006 (0.0014)
- 00003 (0.0074)  0.0086" (0.0050) - 0.0092" (0.0047)  0.0087" (0.0047)
- 00134 (0.0218)  0.0853" (0.0139) - 00851 (00140) 00814 (0.0135)
- 00659 (0.0649)  -0.0248 (0.0441) - -0.0082 (0.0417)  -0.0629 (0.0419)
- 0.0898"* (0.0168)  0.0090 (0.0117) - 0.0156 (0.0115) 0.0309"*
(0.0112)
- 0.1596"* (0.0523)  0.0833"* (0.0370) - 00723 (00341)  0.0850* (0.0340)
- 02052 (0.0722)  0.1189" (0.0501) - 0.1530" 01277
(0.0459) (0.0464)
- -0.0086"** -0.0022 (0.0014) - 00018 (0.0013)  0.0019 (0.0013)
(0.0020)
- 00000 (0.0001) 0,000 (0.0000) - 0.0000 (0.0000)  0.0000 (0.0000)
- 00135 (0.0468)  0.0220 (0.0318) - 0.0208 (0.0304)  -0.0288 (0.0314)
- 0.1257 (0.0818)  -0.0652 (0.0617) - -0.0841 (0.0547)  0.0309 (0.0531)
- 00086 (0.0064) ~ 0.0157"** (0.0041) - 00141 00116
(0.0041) (0.0042)
- -0.0085* (0.0036) -0.0057** (0.0025) - 0.0036 (0.0023)  0.0037 (0.0023)
- 00147 (0.0099)  0.0120* (0.0085) - 0.0112* (0.0063) 00164
(0.0063)
- 0.2647"(0.0522)  0.0011 (0.0373) = 0.0296 (0.0346)  0.0691** (0.0338)
- 00823 (0.0562)  -0.0083 (0.0341) - 00294 (0.0383)  -0.0094 (0.0369)
- 0.1640"* (0.0803)  -0.1137"* = -0.0657 (0.0418) -0.0865™
(0.0426) (0.0834)
02843 0.4625 0.2969 02170 03086 03498
12.98"" 68.13" - 50.24" 1289 -
= = 272.71" - - 191.06
- - 6.5884" - - 16.4448"*
- - 4235 - - 32,19

First-stage regression results
0.2868"** (0.0138) —

Controlled -

544

0.0906* (0.0138)
0.1422"* (0.0548)
0.0177** (0.0082)

2asl

* are significant at the level of 1, 5 and 10% respectively. The output in the table is the estimated marginal effect, and the figures in brackets are robust standard errors.
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Variable

Dependent variable

Degree of adoption of green technology by

farmers

Decision making of green technology adoption in

breeding industry

Core explanatory variable
Intensity of environmental regulation
Mandatory regulation
Economic incentive regulation
Educational guiding regulation

Control varible
Age of head of household
Education level of head of household
Health status of head of household

Degree of risk preference
Green production perception

Proportion of breeding income
Proportion of breeding labor force
Breeding years

Breeding scale

Contract agricultural participation
Group norms

Social network
Distance to animal husbandry station

Neighbors follow suit

Sichuan
Shandong
Henan
Hebei

Variable Description and
Assignment

Calculated by coefficient of variation method (%)

Whether factor reduction technology is adopted or not: 1 = yes; 0 = no
Whether harmiess treatment technology is adopted or not: 1 = yes; 0 = no
Whether the resource utization is adopted or not: 1 = yes; 0 = no

Comprehensive score of 15 environmental regulation indicators after factor analysis
Common factor 1 extracted from 15 environmental regulation indicators
Common factor 2 extracted from 15 environmental regulation indicators
‘Common factor 3 extracted from 15 environmental regulation indicators

Actual survey age of head of household (years)

Actual education years of household head (years)

Health status of household head: 1 = very unhealthy 2 = unhealthy 3 = general 4 =
healthy 5 = very healthy

Using the value calculated by experimental economics, the value range is [0-1], 0
indicates extreme risk aversion type, and 1 indicates extreme risk preference type
Important perception of livestock and pouitry green production: 1 = completely
unimportant 2 = unimportant 3 = general 4 = relatively important 5 = very important
Proportion of main breeding income of farmers in total household income (%)
Proportion of breeding labor force in total household labor force (%)

Years of pig breeding (years)

Actual pig breeding scale in 2018 (head)

Whether farmers participate in contract agriculture: 1 = yes; 0 = no

Whether the breeding subject is complained by the surrounding vilage name: 1 = yes;
0=ro

Number of frequent contacts of farmers (person)

Subject to the nearest distance from the village to the animal husbandry department
(kiometre)

Number of times for farmers to exchange green production transformation mode with
surrounding farmers (Times)

The sample is located in Sichuan: 1 = yes;
The sample is located in Sichuan: 1 = yes; 0 = no
The sample area is Henan: 1 = yes;
The sample area is Hebei: 1 = yes; 0

Mean
Value

62.07

0.5092
0.6904
05290

cooo

547794
6.8511
3.6636

0.5882

2.7556

0.6834
0.4531
133732
4389173
02904
0.0754

41563
38077

16415

02978
0.2096
02169
02757

Standard
Error

31.41

0.5004
0.4074
0.4941

0.4658

9.7069
2.8540
0.8976

0.2795

1.1788

0.2817
0.2322
9.4784
555.4649
0.4544
0.2642

3.3489
2.8900

2.0791

0.4577
0.4074
0.4125
0.4473
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Dimension Financial ecological environment

indicators
External financial ecological environment (provincial level) GDP per capita

GDP growth rate

Value added of financial industry/GDP

Government expenditure on environmental protection/total government expenditure
internal financial ecological environment (fim level) Liquidity ratio

Interest coverage ratio

Return on assets

Turnover ratio of total assets
Size
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Variable ww

V] @
Gl -0.0060"** -0.0058"
(-16.2025) (-15.2209)
FE -0.0023"" -0.0023""*
(-7.2955) (-6.8849)
GI'FE - ~0.0006*
(-1.7267)
Scale -0.0338"* -0.0338"
(-83.1583) (-83.0810)
Age 0.0003** 0.0003"**
(3.8034) (3.7493)
Growth -0.0394"* -0.0395"
(-20.5790) (-20.6042)
Lev 0.0185™ 0.0185™"
(6.7583) (©.7724)
ROA -0.2340* -0.2340"
(-27.9809) (-27.9833)
TobinQ 0.0028* 0.0028"*
(7.6167) (7.6557)
BM ~0.0267"*" -0.0256"*
(-12.5043) (-12.4403)
Cons -0.2333"* -0.2332"
(-28.6719) (-28.6761)
Year fixed effects Yes Yes
Obs 10,173 10,173
R 0.7681 0.7682
Adj R? 0.7677 0.7678
F 1723.5420 1808.2598

Notes: Figures in parentheses are t-statistics of estimated coefficients. and *

rapresent statistical significance at the 1%, 5%, and 10% levels, respectively.
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Variable

Gl

FE
GI'FE
Scale
Age
Growth
Lev
ROA
TobinQ
BM
Cons
Year fixed effects
Obs

R?

Adj R?
F

Notes: Figures in parentheses are t-statistics of estimated coefficients.

FC

)

-0.0139"
(-5.9616)
-0.0076"*
(-3.6420)
-0.0174*
(-7.1838)

3.4578""
(396.0795)
Yes
11,283
02186
02177
2435577

@

-0.0378"™*
(-15.2124)
-0.0077"*
(-3.7489)
-0.0190™*
(-7.4243)
00438
(24.4080)

25330
(64.7770)
Yes
11,283
02621
02612
274.9866

©®

-0.0346""
(-15.1188)
-0.0140"*
(-7.7091)
-0.0168"
(-6.9540)
0.0397***
(24.9170)
00235
(44.9452)

22587
(65.4368)
Yes
11,283
0.4232
0.4225
506.6656

@

-0.0341
(-14.8822)
-0.0138"
(-7.6243)
-00173"
(-7.1164)
0.0408"*
(25.5894)
0.0232*
(44.1802)
~0.0759"
(-10.7591)

2.2609"
(65.5074)
Yes
11,283
04293
04285
491.9230

®

-0.0357"
(-15.7993)
-00108"
(-6.0189)
-0.0176"*
(-7.2985)
0.0304
(17.4547)
00223
(42.4470)
-0.0699"*
(-100477)
01781
(16.8246)

24184
(66.7545)
Yes
11,283
0.4444
0.4436
515.4790

©

-0.0355""
(-15.7212)
-0.0108"*
(-5.9970)
-0.0176™*
(-7.3122)
0.0284**
(15.0087)
0.0222*
(42.1834)
-0.0769""
(-10.3862)
0.1979"*
(15.7122)
0.1225"*
(3.1347)

2.4495"
(64.5862)
Yes
11,283
0.4450
0.4441
489.4659

)

-0.0352""
(~15.6260)
-0.0008""
(-5.4764)
-0.0174"*
(-7.2712)
0.0221*
(11.3234)
0.0223™*
(42.5004)
-0.0750"
(-10.2022)
0.1902**
(15.1759)
0.2088"*
(5.2437)
-0.0109"*
(-6.9210)

26103
(62.5878)
Yes
11,283
0.4480
0.4470
4721366

and * rapresent siatistical simiicance at the 1%, 5%, and 10% levels, respectively.

®

00352
(-15.6552)
-0.0112"
(-6.2388)
-0.0171*
(-7.1432)
0.0262"**
(12.6067)
0.0224***
(42.6586)
-0.0777
(-10.5856)
0.1603"**
(11.7606)
0.1629"*
(4.0403)
-0.0163"
(-8.8203)
-0.0693"
(-6.3222)
25705
(61.0052)
Yes
11,283
0.4501
0.4491
455.4729
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Variable

Gl
Scale
Age
Growth
Lev
ROA
TobinQ
BM
Cons
Year fixed effects
Obs

R?

Adj R?
F

Notes: Figures in parentheses are t-statistics of estimated coefficient:

FC

)

-0.0217**
(-9.0228)

3.4648""
(435.6129)
Yes
11,283
02120
02112
277.9490

@

-0.0459"*
(-17.8306)
0.0433*
(24.0566)

25507
(65.3277)
Yes
11,283
02545
02537
309.5628

@

-0.0427**

(-17.6283)
0.0392*

(24.5202)

0.0233"*

(43.8680)

22836
(66.0916)
Yes
11,283
0.4141
0.4135
551.6343

@

-0.0423""
(-17.4664)
0.0403"*
(25.1518)
0.0230*
(43.1145)
-0.0746"*
(-10.5878)

2.2005"
(66.1389)
Yes
11,283
04200
04193
520.1264

®

-0.0438"
(~18.2669)
00295
(16.8280)
00221
(41.5147)
-0.0683"*
(-9.8130)
0.1850"
(17.5196)

2.4482"
(67.3239)
Yes
11,283
0.4365
0.4357
556.9427

[C]

00435
(-18.1972)
0.0274
(14.3868)
0.0220"
(41.2662)
-0.0755""
(-10.1946)
02052
(16:2742)
0.1258""
(32129

2.4800""
(65.0323)
Yes
11,283
0.4371
0.4363
5245807

U]

-0.0430""
(~18.0506)
0.0207"
(10.4950)
0.0222*
(41.6578)
-0,0735"*
(-9.9922)
0.1963**
(15.6483)
0.2189™*
(6.4929)
-00118™*
(-7.4871)

26514
(63.1764)
Yes
11,283
04406
0.4397
505.8607

and * represent sististical siniicance at the 1%, 5%, and 10% leveks, respactively.

®

-0.0414*
(-18.0001)
00243
(11.6066)
00223
(41.7455)
-0.0759"
(-10.3524)
0.1700"*
(12.4998)
01782
(4.4151)
-0.0167"
(-9.0491)
-0.0624""
(-5.6732)
26195
(61.8900)
Yes
11,283
04423
04415
4847249
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Growth
Lev
ROA
TobinQ

FC

1
00141
0.2545**
0.2449"
0.5915**
-0.1427**
02235
-0.0769"*
-0.1764***
0.1087***

Gl

1
0.2086"*
0.4222**
0.1053"*
0.0247**
0.1853**

0.0096
-0.1826"*
0.1676"*

FE

1
0.1623**
0.3960"*

-0.0836***

-0.0488"*

-0.0243**

-0.0122
0.0460"*

Scale

1
0.1445"
0.0671**
0.4022***
0.1449"

-0.4453"
0.3916"*

1
-0.1192**
0.1085"*
-0.0588"*
-0.0508**
0.0004**

and * represent statistical significance at the 1%, 5%, and 10% levels, respactively.

Growth

1
-0.0169*
0.3026"*
0.0907**

-0.1255"*

Lev

1
-0.3730"*
-0.3716**

0.0460"*

ROA

4
0.2687**
-0.1389"*

TobinQ

4
06305
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Variable

Intensity of environmental regulation
Mandatory regulation

Economic incentive regulation
Educational guiding regulation
Control variable

Area dummy variable

Adjusted R

F value

Wald Chi-square
DWH Inspection value
Phase | F value

Variable

Vilage average environmental regulation intensity

Vilage average order mandatory regulation

Village average econormic incentive regulation
Guiding regulation of vilage average education

Control variable
sample size

Note: * *

‘The Breeding Scale Is Higher than the

The Breeding Scale Is Lower than the

Seemingly Unrelated Test

Average Average
Degree of Green Technology Degree of Green Technology
Adoption Adoption
Model (1) Model (2) Model (3) Model (4) p Value
04224 (0.1113) - 0.1996"* (0.0503) - 00031
- 00578 (0.0174) - 0.0697"** (0.0255) 00026
- 0.1123"* (0.0289) - 0.0706"* (0.0142) 0.0252"
- 0.0876" (0.0396) - 00999 (0.0237) 03763
Controled Controlled Controlled Controlled -
Controlled Controlled Controlled Controlled
0.3641 0.5777 0.1748 b
5363 28.33 24.86™
154.56™ 4313 280.78"* 65.46™"
21742 37.085 56.707 27512
68.726"" 54.476™ 387.271° 350988

02527 (0.0299) -
- 0.2854"" (0.0961)
= 0.2211*** (0.0715)
- 0.1881""* (0.0684)
Controlled Controlled
197

Phase | estimation results

0.3094" (0.0157) =
= 0.3000*** (0.0490)
- 0.1841** (0.0787)
= 0.2557*** (0.0508)
Controlled Controlled
347

respectively indicate significant at the level of 1, 5 and 10%. The influence coefficient is output in the table, and the figures in brackets are robust standard errors.
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Variable

FC

Gl

FE
Scale
Age
Growth
Lev
ROA
TobinQ
BM

Obs

11,283
11,283
11,283
11,283
11,283
11,283
11,283
11,283
11,283
11,283

Mean

3.6208
0.6597
-2.70E-10
21.6702
19.4280
0.1563
0.4456
0.0407
20579
04138

Standard deviation

0.2680
1.0320
1.5047
1.4503
5.66056
0.9814
0.4030
0.2877
3.0706
0.2732

Minimum

25991
0.0000
-5.9382
11.5992
1.0000
-0.9913
0.0071
-6.7637
0.0826
~1.2448

Maximum

4.3851
6.8200
6.4566
275118
63.0000
58.4869
29.4930
20.7876
167.0784
24325
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Variable

FC

Gl

FE
Scale
Age
Growth

ROA
TobinQ
BM

Obs

11,283
11,283
11,283
11,283
11,283
11,283
11,283
11,283
11,283
11,283

Mean

36212
0.6524
-0.0038
216774
19.4104
0.1258
0.4379
0.0391
1.9708
04132

Standard deviation

0.2648
1.0013
1.4817
1.4056
5.4506
0.2838
0.2039
0.0827
1.7128
0.2620

Minimum  Maximum

3.0602 4.1880
0.0000 4.2767
-2.8283 4.5294
18.4644 25.3228
9.0000 36.0000
-0.5089 1.3765
0.0546 0.9506
-0.2037 0.2235
0.2092 9.8941
0.0147 1.3431
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Variable

Intensity of R&D
Enterprise scale

Age of firms

Growth rate of revenue
Asset liabilty ratio
Return on assets
Tobin's Q
Book-to-market ratio
Time

Notations

RD
Scale
Age
Growth
Lev
ROA
TobinQ
BM
Year

Definitions

R8D expenditure/revenue

Natural logarithm of revenue

Years of business operation

Revenue increase of current year/revenue of last year
Debt level of fimms

Profitabilty of firms.

Market value of firms

Investment value of firms.

Dummy variable
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District Agricultural Agricultural Agricultural Ecological Economic Benefits Social Benefits

Resource Production Level Science & Benefits
Endowment Technology Level
c Ranking c Ranking c Ranking c Ranking c Ranking c Ranking

Yuyao 0421 20 0849 1 0433 4 0483 15 0656 1 0604 1
Deqing 0557 7 0701 8 0616 1 0609 1 0.491 6 0.387 4
Jiashan 0499 16 0835 2 0.429 6 0535 8 0522 4 0339 8
Anji 0590 5 0633 10 0529 2 0398 24 0603 2 0363 7
Haining 0363 22 0.765 3 0309 17 0531 9 0446 10 0434 3
Longyou 0620 4 0710 7 0.480 3 0482 16 0203 19 0.443 2
Xiaoshan 0232 25 0623 11 0430 5 0524 10 0546 3 0371 6
Shangyu 0500 15 0.754 4 0.129 25 0435 21 0.483 7 0302 13
Cixi 0.286 24 0670 9 0.206 23 0482 17 0518 5 0312 12
Zhuji 0540 10 0722 6 0298 18 0392 25 0.462 8 0202 18
Jiande 0549 9 0603 13 0.361 11 0438 20 0433 1 0316 9
Qujang 0642 1 0.750 5 0253 22 0500 13 0254 18 0.132 21
Tonglu 0574 6 0565 16 0.419 7 0471 19 0.447 9 0.129 22
Dongyang 0.448 18 0618 12 0.352 13 0571 4 0.350 14 0.143 20
Dinghai 0356 23 0508 18 0.134 24 0504 11 0393 13 0374 5
Sanmen 0508 12 0540 17 0403 9 0563 5 0341 15 0097 25
Longquan  0.640 2 0.429 21 0282 19 0555 6 0.180 21 0267 15
Taishun 0553 8 0392 2 0.404 8 0600 2 0086 2 0315 10
Lanxi 0505 14 0565 15 0.280 20 0474 18 0.185 20 0270 14
Cangnan  0.387 21 0569 14 0342 14 0576 3 0.165 22 0.149 19
Xianju 0508 13 0.427 22 0.360 12 0547 7 0267 17 0224 16
Xinchang ~ 0.520 11 0.467 20 0341 15 0502 12 0338 16 0108 2
Liandu 0.483 17 0.424 23 0313 16 0434 22 0415 12 0209 17
Wucheng 0.427 19 0.505 19 0.394 10 0.486 14 0.131 24 0.110 23
Suichang  0.625 3 0338 25 0265 21 0413 2 0.148 2 0312 11





OPS/images/fenvs-10-829851/inline_51.gif





OPS/images/fenvs-10-865946/crossmark.jpg
©

|





OPS/images/fenvs-10-860481/fenvs-10-860481-t007.jpg
Tier
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Second Tier
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Fourth Tier

District

Yuyao city
Deding county
Jiashan county
Anji county
Haining city
Longyou county

Xiaoshan district
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Cixi city

Zhuii city
Jiande city
Qujiang district

Tonglu county
Dongyang city
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Sanmen county
Longquan city
Taishun county
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Xianju county
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from PIS)
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0.467
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Variable Name Pest Control Delay Times of Pesticide

(ologit Model) Use (excluding Samples
less than 3
times)
Proportion of delay in control of other households in the vilage 3981 (1.108)
Proportion of households that should be visited but not visited in the vilage 1.933" (0.756)
Residence of agricultural labor of the household (refer to all ving in the vilage)
Some live outside the vilage 0301 -0.957
(0.434) (0.339)
All live outside the village 0.713" -0.339
(0.389) (0.331)
Is there an outsourcing service provider -1.189"* (0.334) 0.750*** (0.215)
Public monitoring and forecasting services -1.083"" (0.325) -0.590"" (0.278)
Paddy field area of the household -00811* -0.0013
(0.0320) (0.0014)
Is there any spraying machinery ~0514 (0.323) 0.608" (0.259)
Number of agricultural labors in the household 0.0719 (0.203) 0280 (0.152)
Agricultural training 0.0206 0222
(0.294) (0.201)
Feminization -00115 0895
(0.424) (0.328)
Aging 0538* 0.158
(0.275) (0.209)
Number of full-time nonagricultural employment labor in this household -0.0599 (0.268) 000492 (0.234)
Constant term 4482
0515)
Observed value 430 405
R-squared 0.117
Note: (1) dicate significance at the significance levels of 1, 5 and 10%, respectively. (2) The numbers in brackets are the standard error of variables.
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Variable Name

Proportion of delay in control of other households in the vilage

Proportion of households that shouid be visited but not visited in the vilage

Residence of agricultural labor of the household (refer to all iving in the vilage)
Some live outside the vilage

Alllive outside the vilage
Is there an outsourcing service provider

Public monitoring and forecasting services
Paddy field area of the household

Is there any spraying machinery
Number of agricultural labors in the household
Agricultural training

Feminization
Aging

Number of full-time nonagricultural employment labor in this household
Constant term

Observed value
R-squared

Note: (1)

Pest Control Delay

(Iogit Model)

0.105
(0.437)
0.665*
0.392)

~1.142"* (0.335)

~1.184" (0.336)

-00789"
(0.0317)
-0333 (0.324)
0.0442 (0.208)
0.0281
(0.297)
0.0508
(0.436)
0521*
(0.280)

-00261 (0.289)
0.0853
(0.578)

430

wdicate significance at the significance levels of 1, 5 and 10%, respectively. (2) The numbers in brackets are the standard error of variables.

Times of Pesticide
Use (OLS Model)

4678 (1.232)
1.179 (0.830)

-0.942+
(0.369)
-0516
(0.355)

0.930" (0.236)
-0.502* (0.303)

-0.0008

(0.0016)
0.539* (0.283)
0.289" (0.167)

0289

(0.223)

0.856"
(0.360)
0.0555
(0.227)

0.176 (0.261)

4,204

(0.564)
430
0.105
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Variable Name

Application frequency

Is pest control delayed

Proportion of delay in control of other households in the vilage
Proportion of households that shoud be visited but not visited in the vilage
Residence of farmers and agricultural labor

s there an outsourcing service provider

Public moritoring and forecasting services

Operating paddy field area

Is there any pesticide spraying machinery

Number of agricultural labors

Agricultural training

Feminization

Aging

Number of full-time nonagricultural employment labor

Observed Value Average Value Standard Error

430
430
430
430
430
430
430
430
430
430
430
430
430
430

5.99
020
0.15
0.19
034
0.31
0.84
13.52
0.81
1.75
0.18
0.14
0.59
0.08

231
0.40
0.09
0.14
0.68
0.46
0.37
67.98
0.39
0.83
0.51
0.35
0.49
0.45

Minimum Value

©cocooococoocoocooo

Maximum

12
1
0.35
0.50

1,170

ra w0
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Variable Name

Appiication times
Is pest control delayed
Proportion of delay in control of
other households in the vilage
Proportion of households that
shouid be visited but not visited in
the vilage

Residence of farmers and
agricuitural labor

s there an outsourcing senvice
provider

Public monitoring and forecasting
senvices

Operating paddy field area

Is there any spraying machinery
Number of agricultural labors
Agricultural training

Feminization

Aging

Number of full-time
nonagricultural employment labor

Variable Definition

Total frequency of pesticide use by farmers during rice planting in one season (Times)
1=yes;0=no
Proportion of other interviewed households in the vilage with “agricultural time” delay

Proportion of rice growers who were included in the visit list but were failed to visit the village in the end

0 = all agricutural labor fiving in the vilage: 1 = some live outside the vilage; 2 = alllive outside the village
Can the vilage hire a new outsourcing senvice provider? (1 = yes; 0 = no)
Does the vilage committee convey the control information of the Agricultural Technology Department? (1 = yes; 0 = no)

Total rice planting area (Mu)
= have spraying machinery (excluding manual instruments); 0 = no
Number of people over the age of 16 who do not attend school and participate in agricultural labor
Number of agricultural labors who have participated in agricultural training
1 = the agricultural laborers are all women; 0 = other
1 = all agricultural laborers are older than 60 years old; 0 = other
Number of people over 16 years old who do not go to school, and only participate in nonagricultural labor
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Variable  InCO,

InCO, -
InFAl 6.443
(0008
InFDI 4433
(0.036)"
InFD 6.354
(0.003)**
NGl 4.345
(0.034)"
InES 7.446
(0.003)*

InFAI

4.463
-0.345

0.363
(0.044y*
3345
-0.355
0344
(0.066)"
3344
-0.434

InFDI

4.374
(0.004)"*
6.666
-0.433

3.463
(0.047
3,033
-0.453
4346
-0.347

InFD

4344
(0.034)*
5054
(0.055)
0374
-0.505
3633
-0.305

0.757
-0377

InES

4655
(0.004)"**
0653
-0.776
0554
-0.655
3353
-0.567
3337
0.044)
0544
-0.634

IRS

-0.553
(0.003)***
-0.663
(0.005)™
-0.535
(0.045)*
-0.533
(0.008)***
-0.573
(0.004)**
-0.646
(0.004)**

InCOy s the response variable, whie values in parenthesis represent probabilities. Finally,

* denote significance at the 1%, 5% and the 10% levels respectively.
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Variable

InFAl,y

AFAI,
DI,y
AINFDI,
D,y

INAFD,
nGl,_y
AnGly

INES_4

ANES,
Constant
RS-
)

Adjusted R
F-statistic

Simulations
Diagnostic tests

B-G LM test
B-P-G test
ARCH test
RESET test
J-B test

Coeff.
6.354

4543
3.365
0.745
6.333

3.473
4.433
3.643
4.346

3.343
6.336
-0.556

SE
3.6336

3.5045
0.4345
0.4663
3.6465

0.564
3.435
3.3345
3.6475

0.4644
3.3605
0.333

0.543
346.564
(0.003)"**

6,000

3.344(0.563)
0.544(0.454)
3.633(0.535)
0.743(0.654)
3.746(0.554)

DARYL
t-Statistic
4.33

3.34
353
3.08
4.37

3.75
4.33
3.36
3.04

4.33
4.57
-4.35
0.575

Prob.

0.005"*

0.003**
0.006**
0.034*
0.003***

0.006"*
0.004"*
0.035™
0.004"*

0.005**
0.003"**
0.007**

Coeff.
4.354

3.043
0.746
0.035
4.376

3.083
4.333
3.734
3.565

0.747
4.446
0536

SE
3.4543

0.7564
0.3765
0.0064
3.606

0.4356
3.0633
0.5064
3.4756

0.465
3.3753
0.4475

0.576
336.334
(0.005)"*

3.355(0.436)
0.335(0.353)
0.536(0.653)
0.434(0.434)
3.645(0.635)

ARDL
t-Statistic
334

3.06
4.36
3.55
3.77

4.05
3.74
353
375

3.06
4.53
-3.44
0.533

Prob.

0.035™

0.044*
0.063*
0.005"**
0.046™

0.087**
0.036™
0.065"
0.065"

0.035*
0.006"*
0.006"**

INCO is the response variable, SE stands for standard errors, B-G LM test represents Breusch Godirey LM test, B-P-G test denotes Breusch-Pagan-Godfrey test, ARCH signifies
autoregressive conditional heteroscedastic test, J-8 symbolizes Jarque- Bera test, and RESET test represents Ramsey regression equation specification error test. Also, **, *, *denote
significance at the 1%, 5% and the 10% lvels respectivaly.
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No. of CE(s)

None

At most 1
At most 3
At most 3
At most 5
At most 5

Trace stat.

185.077
70.607
53.757
31.836
7.607
0.833

Prob.

0.000**
0.001*
0.003**
0.003**
0.033*
0.057*

Max. Eigen stat.

75.67
38.657
31.333
18.118
7.7886
0.833

Prob.

0.000**
0.005**
0.003"
0.001*
0.003**
0.037*

The ARDL bound test was supported by the critical value bounds and approximate

p-values.

* denote significance at the 1%, 5% and the 10% levels respectively.
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ARDL bounds test results

Statistic 10.00% 5.00% 1.00% p-Value
10 1(1) 1(0) (1) 10 (] 100) I(1)

F-statistic 9.115 1.539 5.935 3.193 3.153 3977 7.333 0.005 0.009

t-statistic -7.331 -5.535 -3.357 -5.197 -3515 5.355 -3.979 0.003 0.005
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Variable

InCO2
InFAI
InFDI
InINI
InFD
INES

DF-GLS indicates Dickey-Fuller Generalized Least Squares test of Elfiott, Rothenberg. Also,

DF-GLS Ladl KPSS ADF
Level 2st diff. Level 2st diff. Level 2st diff. Level 2st diff.
-2.266 -2.888" 242 4 -6.662"* 0.668 0.666" -2.444 -2.446"
-4.262 -4.868™" -4.666 -8.868" 0.264 0.622** -0.668 -2.244"
-2.884 —4.444" -4.228 -6.688"* 0.264 0.664* -2.464 —-4.882"*
-4.626 —-4.288"* -2.646 -2.886" 0.466 0.622** -2.686 -2.006™
-2.646 2244 -4.864 -8.022"** 0.626 0.688* ~-4.226 —4.202"*
-0.266 b -4.886 -6.288" 0.662 0.882"* ~2222 -4.446™

* denote significance at the 2%, 6% and the 20% levels respectively.
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Component

Comp 1
Comp 2
Comp 3
Comp 4
Comp 5

Eigenvectors (loadings)

Variable

Eigenvalue

3.556
3588
0.806
0353
0.033

Industries considered high responsible CO2 emissions

Financial Annexation Index
Financial Development
Foreign direct investment
Foreign Direct Investments

m denotes significant loadings under camponent 1, and n denoles signiicant loadings under camponent 2.

Difference

3.063
0.666
0.666
0.333

Proportion

0.63
0.368
0.363
0.038
0.003

Comp 1

-0.503m
0.363
0.565m
-0.066
0.583m

Cumulative

0.53
0.808
0.66
0.668
3

Comp 2

-0.36
-0.533n
0.333
0.685n
0.35
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Variable InCO, InFAI InFDI InINI InFD InES

INCO, 1
InFAl 0662 1
(0.000)"**
InFDI 0771 0256 1
(0005 (0.036)"*
InINI 0793 0.124 0.145 1
(0026)* 0166  -0.456
InFD 0815 0612 0414 0,097 1

(00001 (0038 (0072  -0.936

nES 0.587 0514 0673 0.513 0.377 1
(0.026)*  (0.002** (0.026)* (0.082" (0.016)*

Values in parenthesis (while ™, *, *denote significance at the 1%, 5% and the 10%levels
respectively.
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Statistic

InCO2
InFAI
InFDI
InINI
InFD.
INES

Mean

-2.272
0.488
0.242
2.646
0728
6.288

Median

-2.242
0.428
0.486
2.622
0.726
6.846

Maximum

-0.682
0.678
2248
4.046
2224
6.022

Minimum

-2.882

0.204

—4.074

2.868

0.627
0

Std. Dev.

0.42
0.22
2642
0272
0228
2.806

Skewness

0.462
-0.042
-0.448
-0.266
-0.646
-2.446

Kurtosis

2286
2268
2208
2472
2708
8246

VIF

2.82
4.88
2.268
2,622
4.22

Tolerance (2/VIF)

0.466
0.266
0.442
0.828
0.422
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City

Shanghai
Hangzhou
Xian
Chengdu
Guangzhou
Guiin
Shenyang
Dalian
Znengzhou

Wuhan

Low-  Rank
carbon
carrying
support
B1)

07328/ 21
07497
06475/ 33
06717
04933/ 86
05027
05021/ 75
05083
0737/ 1-2
0723
03782 10-10
03482
05041/ 68
0.4872
05599/ 4-9
0.4823
044527/ 97
0.4885
05418/ 54
05803

Tourism
investment

®2)

0.1081/
0.0931
00436/
0.0872
00363/
0.0318
00406/
0.0758
00498/
0.0493
00211/
0.0199
00228/
0.0187
0.0209/
0.0194
00222/
0023
00308/
0.0281

Rank

34

5-5

-2

2-3

9-8

6-8

10-9

87

6-6

Tourism

output
®3)

0.0026/
00045
00127/
00118
00178/
00166
00201/
00127
00064/
00033
0.0004/
00212

00109/
00116

00071/
00084

00104/
00111

00121/

0003

Rank

10-9

34

9-10

71

5-5

87

6-6

4-8

Low-carbon
environment
(84)

-0.0524/-0.0494
-0.0952/-0.1122
-0.0859/-0.0922
-0.1049/-0,0962
-0.0733/-0.0624
-0.0827/-0.0887>
-0.1307/-0.1445
-0.1653/-0.1869
-0.1034/-0,0807

-0.0078/-0.0783

Rank

1-1

5-8

4-6

2-2

35

9-9

10-10

74

6-3

Ecological
environment

(B5)

0.1439/ 0.1376
0.1168/0.1277
0.108/0.1001
0.1142/0.1277
0.1449/0.1304
0.1688/0.1438
0.0978/0.1264
0.1444/0.1344
0.0836/0.0783

0.0932/0.109

Examples of table data: a/b, 1—2, means that a is the score in 2014 and b is the score in 2019, and the ranking has changed from 1st to 2nd.

Rank

4-2

5-6

9-9

3-3

10-10

9-8

Low-
carbon
life
(86)

-0.0461/-
0.0268
-0.0123/-
0.0269
00219/
0.023
-0.0393/-
0.0531
-0.0157/-
0.0287
-0.0969/-
0.0874
-0.0364/-
0.0207
~0.0117/-
0.0284
-0.0389/-
0.0238
-0.041/-
0.0345

Rank

34

11

4-6

10-10

5-7

225

6-2

Facility
planning

®7)

0.0149/
00151
0.0162/
00155111
0.0151/
00151
0.0165/
0016
0.0156/
00158
001506/
00148
0.0155/
00149
0014/
0.0154696
0015/
00157
0016/
0.0154691

Rank

9-8

244

8410

5-9

105

7-3

3-6
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Indicator

Per capita GDP (C1)

Ratio of tertiary industry to GDP (C2)

Resident per capita disposable income (G3)
Nurmiber of tourist attractions above level 4A (C4)
Number of tourism employees (C5)

Proportion of R&D investment (C6)

Tourist growth rate (C7)

Growth rate of total tourism revenue (C8)
Tourist congestion index (C9)

Tourism carbon intensity (C10)

Per capita carbon emissions of tourists/year (C11)
Per capita energy consumption (G12)

Tourism energy intensity (C13)

Ratio of good AQI (C14)

Forest coverage (C15)

Per capita park green area (C16)

Population density (C17)

Urbanization rate (C18)

Engel coefficient (C19)

Green travel ratio (C20)

Number of public transport vehicles per 10,000 people (C21)

Per capita road area (C22)
Harmless treatment rate of domestic garbage (G23)
Sewage treatment rate (C24)

Data source

Economic and social statistics bulletin
Economic and social statistics bulletin
Economic and social statistics bulletin
Economic and social statistics bulletin
Stattistical Yearbook

China City Statistical Yearbook

Economic and social statistics bulletin, Statistical Yearbook

Economic and social statistics bulletin
Economic and social statistics bulletin
Calculated from the data of Statistical Yearbook
Calculated from the data of Statistical Yearbook
Calculated from the data of Statistical Yearbook
Calculated from the data of Statistical Yearbook

Economic and social statistics bulletin (bulletin of the state of the ecological environment)

Economic and social statistics bulletin
Statistical Yearbook

Economic and social statistics bulletin (Statistical Yearbook)

Economic and social statistics bulletin
Economic and social statistics bulletin
China City Statistical Yearbook
China City Statistical Yearbook
Economic and social statistics bulletin

Economic and social statistics bulletin, China City Statistical Yearbook

China City Statistical Yearbook
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ity
Shanghai

Hangzhou

Chengdu

Guangzhou

Guilin

Shenyang

Dalian

Wuhan

Zhengzhou

Strategic position
China’s largest econormic left city
One of the central cities in the Yangtze River Delta

Important central city, national trade and logistics
left, and comprehensive transportation hub in the
western region

Important central city in the western region

The core of the Pearl River Delta Economic Gircle,
the central city in South China, and intemational
trade left

International tourism comprehensive
transportation hub, the gateway city of ASEAN
Free Trade Area

Central city in the Northeast region, the left of the
Northeast Asian Econoric Circle and the Bohai
Rim Economic Circle

Important central city, port, and tourism city along
the coast of norther China

Central city in the central region of China, the
strongest city in the central region

Important central city in the central region of China,
important national comprehensive
transportation hub

Tourism development goals

Urban tourism city, interational urban tourism
destination

International tourism city, oriental leisure capital,
convention and exhibition tourist destination city
The Land of Abundance, the international music
capital of the world-famous cultural and creative
city

World-class tourist destination aity, a ity with the
roots of Chinese civilization

World-class tourist destination city, Asia-Pacific
international tourist left city

Famous intemational tourism city, world-famous
scenic tourism ity

International cultural tourism city, regional cultural
and creative left, China's ecological leisure tourism
destination

Fashionable and romantic city,intemational coastal
tourist destination

National tourism demonstration zone, tourism
internationalization, national tourism left city

World tourism city, China’s first-class tourist
destination

Major honors

National historical and cultural city, China's largest
tourism city, China's facade city

China’s tourism and leisure modl cities, one of the
15 global tourism best practice sample dities
Ranked second among the world's top 20 most
dynamic tourist destinations for growth in 2017,
and one of the first batch of intemational
sustainable development pilot cities by UN-Habitat
International tourism hub, one of the best tourist
destinations in China

One of the first batch of national excellent tourism
cities, national garden cities, and one of the world's
top 10 fastest-growing tourism cities in 2017
China sustainable development agenda innovation
demonstration zone, national tourism innovation
development pilot zone, world-ciass tourism
destination demonstration zone

National forest city, national garden city, a national
model city for environmental protection, China's
top 10 ice and snow tourism cities

International garden city, China’s best tourism city

National resource-saving and environment-friendly
society construction comprehensive supporting
reform pilot zone, the first batch of China's
autstanding tourism cities

National historical and cultural city, national garden
city, national greening model city, one of the
national central cities
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Dimension (weight) Second-level
indicator (weight)

Low-carb tourism economy (A1) (0.605153)  Low-carbon carrying support (B1)
(0.554184)
Tourism investment (B2) (0.089623)

Tourism output (B3) (0.011346)

Low-carbon tourism environment (A2) Low-carbon environment (B4) (0.099153)
(0.220723)
Ecological environment (B5) (0.12157)

Low-carbon tourism society (A3) (0.174122)  Low-carbon lffe (B6) (0.158735)

Facility planning (B7) (0.015387)

Third-level
indicator (weight)

Per capita GDP (1) (0.122122)
Ratio of tertiary industry to GDP (C2) (0.199121)

Resident per capita disposable income (C3) (0.232041)
Number of tourist attractions above level 4A (C4) (0.012135)
Number of tourism employees (C5) (0.024454)

Proportion of R&D investment (C6) (0.003034)

Tourist growth rate (C7) (0.009234)

Growth rate of total tourism revenue (C8) (0.001915)

Tourist congestion index (C9) (0.000197)

Tourism carbon intensity (C10) (0.036373)
Per capita carbon emissions of tourists/year (C11) (0.022538)
Per capita energy consumption (C12) (0.028328)

Tourism energy intensity (C13) (0.011914)

Ratio of good AQI (C14) (0.121527)

Forest coverage (C15) (0.000004)

Per capita park green area (C16) (0.000039)

Population density (C17) (0.001471)
Urbanization rate (C18) (0.021839)

Engel coefficient (C19) (0.093717)

Green travel ratio (C20) (0.041658)

Number of publc transport vehices per 10,000 people (C21)
(0.001701)

Per capita road area (C22) (0.000065)

Harmless treatment rate of domestic garbage (C23) (0.011122)
Sewage treatment rate (C24) (0.002499)

Ranking

12

16
15
18
21

10

13

24
23

20
1

19

22

14
17
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Importance

The compared factors have the same importance
One factor is slightly more important than the other
One factor is obviously more important than the other
One factor is strongly more important than the other
One factor is extremely more important than the other
One factor is slightly less important than the other
One factor is obviously less important than the other
One factor is strongly less important than the other
One factor is extremely less important than the other

Scale value

N e

13
1/5
1”77
19
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Dimension (weight)

Low-carbon tourism
economy (A1)

Low-carbon tourism
environment (A2)

Low-carbon tourism
society (A3)

Second-level
indicator

Low-carbon carrying
support (B1)

Tourism
investment (B2)

Tourism output (B3)

Low-carbon
environment (B4)

Ecological
environment (B5)

Low-carbon life (B6)

Facilty planning (87)

Third-level indicator

Per capita GDP (C1)
The ratio of tertiary industry to
GDP (C2)

Resident per capita disposable
income (C3)

Number of tourist attractions above
level 4A (C4)

Number of tourism employees (C5)

The proportion of R&D
investment (C6)

Tourist growth rate (C7)

The growth rate of total tourism
revenue (C8)

Tourist congestion index (C9)

Tourism carbon intensity (C10)

Per capita carbon emissions of
tourists/year (C11)

Per capita energy
consumption (C12)

Tourism energy intensty (C13)
The ratio of good AQI (C14)

Forest coverage (C15)
Per capita park green area (C16)

Population density (C17)
Urbanization rate (C18)

Engel coefficient (C19)
Green travel ratio (C20)

Number of public transport vehicles
per 10,000 people (C21)

Per capita road area (C22)
Harmless treatment rate of
domestic garbage (C23)

Sewage treatment rate (C24)

References

Guo et al. (2018)
Wang et al. (2018)

Du et . (2018)
Ruan et al. (2019)
Ruan et al. (2019)
Guo et al. (2018)

Zhang and Zhang (2020)
Teo (2017)

Zhang (2017)

Zhang and Zhang (2020)
Zhang and Zhang (2020)
Zhang and Zhang (2020)

Zhang and Zhang (2020)
Shi et al. (2021)

Ha et al. (2013)
Lietal. (2017)

Wang et al. (2018)
Wang et al. (2018)

Guo et al. (2018)
Important monitoring and evaluation
indicator for green development

Du et al. (2018)

Wang et al. (2021)
Tang et al. (2011)

Zhang and Zhang (2020)

Unit
%
%
%
%

Number of employees in the tertiary
industry
The ratio of R&D investment to GDP

%
%

The proportion of tourists to the
population

Tons of carbon dioxide/10,000 CNY
tourism income:

Tons of carbon dioxide per thousand
passengers

Tons of standard coal/person

Tourism energy consumption/tourists
Days with air qualty reaching or being
better than level 2 every year

%

m?/person

persorvkm?

Ratio of urban population to total
population

%
%

%

m?/person
%

%
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Indicator

Natural population growth rate, urbanization rate, sewage
treatment rate, domestic waste treatment rate
Low-carbon tourism experience, carbon education and
promotion, tourism information network mrketing, hotel
waste disposal, green building label, support rate of local
residents, self-awareness of local residents, environmental
education and training

Urban sewage treatment rate, harmless treatment rate of
urban garbage, comprehensive utiization rate of industrial
solid waste, reuse rate of water resources in key industrial
enterprises

Low-carbon environmental education, low-carbon
communications, carbon literacy of residents, carbon
iteracy of tourists, carbon literacy of tourism companes,
low-carbon policies, and legisiation special plans for low-
carbon tourism

Urban-rural income gap, resident consumption level,
unemployment rate, bus passenger volume, road network
density, etc.

Waste treatment facilies, low-carbon education, carbon
offset actiities, low-carbon systems, and technologies
Concentrated domestic sewage treatment rate, domestic
garbage collection rate, total rail transit passenger volume,
number of public transportation vehicies per 10,000
inhabitants

Social security status, per capita education years in cities,
low-carbon tourism awareness of tourists, the basic quality
of urban tourism employees, the rationality of urban tourism
development planning, etc.

Urbanization rate, Engel coeffcient, forest coverage rate,
per capita green area, low-carbon technology application
indicator, energy-saving and emission reduction support
policies, whether to be selected as a national low-carbon
pilot city, whether to be selected as a low-carbon
transportation piot city, etc.

Evaluation object

Evaluation of tourism ecological security in the
Yangtze River Defta

Taiwan's Low-Carbon Tourism Development
Suitabilty

Urban Green Development in the Pearl River Delta

Low-carbon tourism development level in Lhasa and
Guilin

Low-carbon economic development in three typical
resource areas of Inner Mongolia, Shanxi, and
Heilongjiang

Evaluation of low-carbon tourist attractions in Xixi
Wetiand

Evaluation of green city in the Jinghang Canal Basin

Evaluation of sustainable development of urban
tourism in Souther Jiangsu

Low-carbon tourism city development in 15 Chinese
cities

Evaluation method

Driving mechanism model

Delphi method and fuzzy AHP

Multi-level evaluation method and
entropy weight method

Fuzzy Delphi ANP

AHP

Comprehensive Delphi and AHP

AHP

AHP

ANP

References

Ruan et al. (2019)

Cho et al. (2016)

Wang et al.
(2018)

Zhang and Zhang
(2020)

Hai et al. (2013)

Cheng et al.

(2013)
Shi et al. (2021)

Wang (2011)

Hu (2014)
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Indicator

Population density, tourist density and water consumption
per 10,000 CNY, garden green space, per capita park
green area, green area in built-up areas

Per capita urban public green area, green coverage of
building area, days with good air quality, percentage of
surface water of level 3 and above, percentage of surface
water below level 5

Energy consumption per unit GDP, COD emission
intensity per unit GDP, ammonia nitrogen emission
intensity per unit GDP, SO, emission intensity per

unit GDP

Tourism carbon intensity, carbon footprint, tourism energy
intensity, green space rate

Air pollution indicator, waste management, sewage
treatment, low-carbon public infrastructure

construction, etc.

Comprehensive utilization product output of three wastes
(waste gas, waste water, industrial residue), innocuous.
treatment rate of waste, forest coverage rate, etc.
Biological environment, water environment, air quality,
transportation facilties.

Energy consumption per urit GDP, industrial water reuse
rate, the comprehensive utilization rate of solid industrial
waste, carbon dioxide emissions per unit GDP, etc.
Green coverage area of completed construction area, per
capita public recreational green space, the ratio of days
with good ambient air quality, the ratio of surface water
section to the water quality of Grade 3 and above, etc.
Green coverage rate, per capita green area,
comprehensive indicator of environmental quality, the
utilization rate of new energy and new materials in hotels
and scenic spots, growth rate of vegetation coverage,
comprehensive treatment rate of three wastes, urban
environmental investment as a percentage of GDP, the
utilization rate of urban energy-saving public
transportation

Per capita carbon emissions, clean energy use rate, the
proportion of tertiary industry

Energy consumption easticity coefficient, carbon
emissions per unit of GDP, public low-carbon penetration
rate, public transportation passenger volume

Evaluation object

Evaluation of tourism ecological security in the Yangtze
River Defta

Urban green development in the Pearl River Defta

Low-carbon tourism development level in Lhasa and
Guilin

Low-carbon econormic development in three typical
resource areas of Inner Mongolia, Shanxi, and Hehe
Longjiang

Evaluation of low-carbon tourist attractions in Xixi
Wetland

Evaluation of green city in the Jinghang Canal Basin

Evaluation of sustainable development of urban
tourism in southern Jiangsu

Low-carbon tourism city development in 15 Chinese
cities

Evaluation method

Driving mechanism model

Multi-level evaluation method
and entropy weight method

Fuzzy Delphi method and ANP

AHP

Comprehensive Delphi method
and AHP
AHP

AHP

ANP

References

Ruan et al. (2019)

Wang et al.
(2018)

Zhang and Zhang

(2020)

Hai et al. (2013)

Cheng et al.

(2013)
Shi et al. (2021)

Wang (2011)

Hu (2014)





OPS/images/fenvs-10-865946/fenvs-10-865946-t001.jpg
Indicator

Tourism revenue growth rate, tourism growth rate, tertiary
industry growth rate

The proportion of tertiary industry in GDP, the proportion of
total tourism revenue in GDP, and per capita GDP
Tourism economic density, per capita tourism income,
tourism foreign exchange income, domestic tourism
income, tourist reception and population ratio, number of
employees

Per capita GDP, the proportion of the added value of the
tertiary industry in GDP, and the proportion of the added
value of advanced manufacturing in the proportion of
industries above designated size, etc.

The proportion of green hotels, the proportion of low-
carbon transportation, the proportion of low-carbon tourist
attractions, low-carbon marketing, tourist growth rate,
tourism congestion index

Low-carbon productivity, population, total energy
consumption, and proportion of tertiary industry

Per capita total tourism income, total urban tourism income
as a percentage of GDP'

The proportion of tourism income in the income of urban
residents, etc.

The proportion of total tourism revenue in the added value
of the tertiary industry, foreign exchange revenue from
tourism, number of green tourism hotels, number of
inbound tourists, number of tourist attractions of level 4A
and above

Per capita GDP, Engel coefficient, urbanization level,
tertiary indlustry ratio

Evaluation Oobject

Evaluation of tourism ecological security in the Yangtze
River Deta

Urban green development i the Pearl River Defta

Low-carbon tourism development level in Lhasa and
Guilin

Low-carbon economic development in three typical
resource areas of Inner Mongolia, Shanxi, and Heihe
Longjang

Evaluation of sustainable development of urban tourism
in southemn Jiangsu

The development level of low-carbon tourism cities in 15
Chinese cities

‘Yunnan low-carbon tourism evaluation

Evaluation method

Driving mechanism model

Multi-level evaluation method
and entropy weight method

Fuzzy Deiphi method, ANP
method

AHP

AHP

ANP

AHP

References

Ruan et al. (2019)

Wangetal. (2018)

Zhang and Zhang

(2020)

Ha et al. (2013)

Wang (2011)

Hu (2014)

Tao (2017)
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Variable

Treated"Post
Green Innovation
COCEN

SOE

Size

Leverage

Ages

ROA

CR

Provice
industry

DID PSM-DID
EUE INQ EUE EUE EUE INQ EUE EUE
(2a) (2b) (20) (2d) (2a) (2b) (20) (2d)
1.06"* 21.42" 21.63** 1.75" 23.16"* 23.30"
4.70 43.31 43.59 6.15 45.70 46.04
0.10"* 0.10"* 0.08"* 0.08"*
31.43 31.81 -27.02 -27.58
-0.44" -0.45" -0.39"* -0.44" -0.56"* -0.26"* 0.01 -0.03"
-61.53 -28.61 -24.89 -27.75 -56.96 -15.85 0.65 -2.00
032 -32.28"* -31.63** -31.60"* -5.51" -28.51" -31.63"** -32.08**
124 -56.50 -55.40 -55.40 -16.42 -48.10 -53.03 -53.84
QO -0.02* -0.02"* -0.02" 0.02** -0.01* -0.01** -0.01**
58.24 -25.08 -22.07 -19.22 54.68 -20.81 -18.36 -15.76
21.26" -16.08** -21.2" -18.97** 16.33** -10.48"* -25.14** -23.87*
36.00 -11.65 -16.43 -14.70 20.59 -8.08 -18.97 -18.02
-1.21™ -1.00" -1.31" —1.44 -1.26" -0.63"** -0.83** -0.94*
-52.49 -20.11 -25.87 -28.33 -45.96 -13.00 -17.03 -19.13
-27.63* -165.30** -169.70" -172.60** -50.49"* -134.90"* -168.20"* ~172.40"
-8.94 -24.54 -25.22 -25.67 -13.01 -19.64 -24.36 -24.99
-0.00"* 0.00 0.00 -0.00"* -0.00" 0.00 0.00
-4.59 -1.12 134 -4.96 -201 -0.78 -1.01
YES YES YES YES YES YES YES
YES YES YES YES YES YES YES
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Variable

Treated"Post
Green Innovation
COCEN

SOE

Size

Leverage

Ages

ROA

CR

Provice
industry

DID PSM-DID
EUE INQ EUE EUE EUE INQ EUE EUE
(1a) (1b) (10 (d) (1a) (1b) (1) (1d)
—42.12 -58.42** -38.08" -31.80™* -35.37" -20.79"
-2017 -6262 -18.16 -17.87 -50.76 -16.64
0.10" 0.07* 008" -0.06"*
31.43 2052 14.88 -1045
-0.37 -0.54" -0.45" -0.40" -0.15"* -0.24" -0.14" -0.165™
-23.41 -76.71 -28.61 -25.62 -7.85 -31.99 -7.48 -8.54
-29.53" 157 -32.28"" 20,641 2177 -030 -22.04 -21.78"
-51.37 -6.12 -56.50 -51.58 -3263 -1.15 -33.18 3267
-0.24" 019" -0.22' -0.22% -0.19* 015 -0.21% -0.19
-26.74 49.72 -25.03 -25.14 -14.88 2965 -15.60 -14.19
-14.79" 2551 -15.03" -13.02" -10.35™" 7.06" -18.08™" -9.95"
-11.42 44.09 -11.65 -1004 -6.09 1059 -10.61 -585
-1.87 043 -1.00 -1.40" -1.34 -026™" -0.73"" -1.36""
-27.01 -19.09 -20.11 -27.60 -23.13 -1126 -12.96 -23.38
-203.20"" 19.08" -165.30"" -201.90"* -58.60"" -222 -20.08™* -68.73"
-30.06 632 -2454 -2088 -7.47 -069 -2.46 -7.19
0.00 -0.00" -0.00* 000 474 -084"" 283 469"
-1.08 -9.18 -252 -137 1430 -6.46 853 14.16
YES YES YES YES YES YES YES YES
YES YES YES YES YES YES YES YES
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Variable

Treated"Post
Green Innovation
COCEN

SOE

Size

Leverage

Ages

ROA

CR

Provice
industry

DID PSM-DID
EUE INQ EUE EUE EUE INQ EUE EUE
(2a) (2b) (20) (2d) (2a) (2b) (2) (2d)
2319 1.06" 22,93 2288 24.48" 243
47.26 46.96 46.75 8.86 48.56 48.25
0.10" 0.10™* 008" 0.08"*
27.86 26.99 24.13 2348
-0.36"* -4.05" -047* -0.43 -0.84" 0.02 -0.30" -0.04"
2237 -6152 -28.89 -26.86 -94.44 1.35 -17.86 -2.37
-26.20"" 323 28,65 -28.23" -28.04 -26.93" -25.01" -20.10"
-45.13 127 -48.87 -48.27 -91.14 -4488 -41.49 -47.97
-4.15" 237 -1.43" -1.80" 2561 3427 ~1.44
-21.79 58.24 -6.81 -8.63 27210 -1867 -7.16
-16.42 2.13% —14.72 —17.92' -22.11 -21.31% -23.02
-12.41 36.01 -1 -1354 -31.87 -15.75 -17.00
~1.48" -1.21™ -1.05%* -1.52 -0.23" -1.018" -1.04
-29.03 -52.49 -21.09 -20.87 -9.18 -2073 -21.11
-160.00"* -2.73™ -152.60" -163.40"* -52.48"" -1599"* -121.60" ~164.00"
-23.83 -8.94 -22.70 -24.35 -14.87 -2324 -17.76 -2384
000 -5.99" -0.08" 0.00 -0.05™ 0.00 000 000
-1.19 -459 -2.65 -1.37 -4.15 -090 -2.13 -1.06
YES YES YES YES YES YES YES YES
YES YES YES YES YES YES YES YES
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Variable

Treated"Post
Green Innovation
COCEN

SOE

Size

Leverage

Ages

ROA

CR

Provice
industry

DID PSM-DID
EUE INQ EUE EUE EUE INQ EUE EUE
(1a) (1b) (10 (d) (1a) (1b) (1) (1d)
-20.46** -0.11 221 -16.89"* 161" -0.08
-87.78 -0.20 -3.89 -92.51 3.08 -0.16
0.10"** 0.10"* 0.00* 0.00**
27.86 2813 16.38 -16.10
-0.79" -0.39"* -0.47" -0.47" -0.48"* -0.14* -0.18"* -0.18"*
-120.98 -24.29 -28.89 -28.97 -66.87 -7.19 -9.40 -9.40
-18.40" -26.54"" -28.65" -28.43* -1027"* -20.70"* 21,67 -21.67"
-76.06 -45.32 -48.87 -48.27 —-41.34 -30.40 -31.78 -31.72
2304 -385 -1.43" —1.48" 14.81 -059" 0.81 0.81
289.87 -20.01 -6.81 -7.07 184.08 -2.66 3.43 3.43
-9.08" -13.09" ~14.72 ~14.02 -7.68"* -17.23" -17.95" -17.95"
-16.43 -9.78 ~11.11 -10.49 -12.23 -10.01 -10.44 -10.44
-0.21* -1.00"* -1.05"* -1.08" -0.18"* -0.70" -0.72 -0.71
-10.06 -19.84 -21.09 -20.28 -8.58 -12.20 ~12.70 -12.50
-23.28" -148.90" -152.60"* -151.20"* -44.59 -10.36 -14.52 -14.57
-8.37 -22.10 -22.70 -22.47 -14.96 -1.27 ~1.78 -1.78
-0.06"* -0.07"* -0.08" -0.08"* 239" 2.89" 3127 312
-4.77 -2.48 -2.65 -269 19.56 8.65 9.32 9.32
YES YES YES YES YES YES YES YES
YES YES YES YES YES YES YES YES
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Variable State-Owned Shares firms Non-state-owned Shares firms

EUE INQ EUE EUE EUE INQ EUE EUE
(5a) (5b) (50) (5d) (6a) (6b) (6c) (6d)
Treated*Post 1.056* 15.27" 1.30° 14340 1.18 143.40"
19.72 19.02 243 290.23 0.63 29.26
Green Innovation 0.02"* 0.02"** Q0™ 0.07*
12.37 12.00 24.81 8.90
COCEN 0.09 -0.29"* -0.03** 0.08"* 0.1 -1.20" -1.07* 0.02
13.34 -29.19 -4.56 12.62 1.92 -58.39 -19.01 0.73
Size -0.00"* 0.00"* -0.00"* -0.00"* -0.00"* 0.00"* -0.00"* -0.00"*
-19.38 30.84 -14.90 -18.61 -6.95 35.42 -10.13 -5.91
Leverage -13.40"* -16.28** -7.68"* -13.66"* -1.35 Ne™ 203 7.26
-28.03 -22.71 -16.65 -28.55 -0.24 53.82 0.35 1.27
Ages -0.48"* -0.99** -0.10"* -0.49"* 174 —2.14" -2.14" 1.68"*
-25.46 -35.52 -5.39 -26.26 9.50 -30.76 -12.38 8.59
ROA 56.36"* 45.46" 2~ 56.09 -675.60"* -162.80"* -592.20"* -687.70"*
20.81 11.40 27.03 21.08 -20.97 -19.01 -26.70 -30.46
CR 0.00 -0.00"* -0.00" 0.00 0.01 0.02* 0.01 0.01
-1.16 -757 -297 -1.34 043 231 0.26 0.49
Provice YES YES YES YES YES YES YES YES

Industry YES YES YES YES YES YES YES YES
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Variable State-Owned Shares firms Non-state-owned Shares firms

EUE INQ EUE EUE EUE INQ EUE EUE
(3a) (3b) (3c) (3d) (4a) (ab) (4c) (ad)
Treated"Post 4232 171 4231 -14.76" -26.42" -7.13
5323 3.08 53.22 -2.14 -16.71 -1.01
Green Innovation -0.04"* -0.01 -021™ -0.10"
-1094 -1.57 -11.80 -5.29
COCEN -0.05"* -0.16" -0.04"* -0.05"* -0.39" -067" -0.66" -0.46"
-3.92 -2027 -3.64 -399 -5.41 -37.38 -8.83 -6.23
Size -0.00"* -0.00"" -0.00"* -0.09" -0.00"" 0.00"* -0.00"" -0.00"
-6.98 -9.37 -16.55 -7.02 =111 31.01 -7.58 -10.25

Leverage TAQ™ =11.54* -4.10" 7.04 -3.10 70.16" -10.52 3.90
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Model serial number 8) (&) (10) [e8)) 1z) (13) (14)
Variable InRD MSS MH InRD InRD Grepat Grepat
Tall 0,003+ 0003+ 0.01 0003+ 0003 ~0.0110°** ~0.0115**

=0.001 -0.001 -0.018 =0.001 -0.001 -4.88 -5.09
MSS 00767 0.0360°

-0.02 167
MH 0.007*** 0.0125%*
-0.001 1432

Constant 5263 7.978% 17.430* 4660 5147 -2218 -2.688°**

Controlled Variable
Firm

Year

Number of Samples
Sobel Z

The proportion of mediation effect

-0.675
Yes
Yes
Yes
1,536

-0.574
Yes
Yes
Yes
1,536

-8.27
Yes
Yes
Yes
1,536

-0.693
Yes

Yes

Yes
1,536
29617
0.083

-0.674
Yes
Yes
Yes
1,536
1.166

-558
Yes
Yes
Yes
1227

-7.82
Yes
Yes
Yes

1227

P
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Talent policy-executive compensation incentive level-enterprise technological innovation

Effect type Observed coef Bootstrap SE 95% conf. Interval
Indirect Effect 0.0014 0.0005 (000051, 0.00236)
Direct Effect 00173 0.0003 (0.01220, 0.02246)

Talent Policy—Executive Equity Incentive Level - Enterprise Technology Innovation

Effect Type Observed Coef Bootstrap SE 95% Conf. Interval
Indirect Effect 0.0002 0.0002 (-0.00012, 0.00049)
Direct Effect 0.0186 0.0027 (0.01338, 0.23777)

Note: Bootstrap N
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Variable

InRD
MSS
MH
Tal
Size
HC
Bsize

Age

Mean

17.95
14.89
9.204
0761
2204
7.683
0.187
16.88

1.287
0759
1516
0427
1.063
1.003
0.0462
5621

Min

o o o o

19.70
333
0.08
2

Max

2214
18.42
7778
1
26.85
1171
0450
51

1
0.386***
-0.087*
0.079%**
0539+
0.556%*
0.120%%*
0.099**

1
-0.072**
0.035%
0436
0383
0272+
0175

1
0.010

-0.293**
~0.246"*
-0.254
-0.176**

1
0,032+
0045
-0018
-0.017

1

0.750%*
0326%*
0.252%**

1
0.304%%
0.175**

1
0.106**

Note: *, **, *** indicate statist

-al significance at the 10%, 5%, and 1% levels, respect
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Model serial number 1) 2) 3) (4) (&) (6) )
Variable InRD MSS MH InRD InRD Grepat Grepat
Tal 0037 0037 0129 0.034% 0.036* ~0.182%* ~0.172%*
-0.018 -0.016 -0223 —0.018 -0.018 -6.43 -6.06
MSS 0076 0.0368*
-0.02 -171
MH 0007+ 00123+
-0.001 -14.06
Size 0434 0280 0127 0413 04330 0.0853+ 0123+
~0.034 -0.029 -0419 ~0.035 ~0.034 41 -5.89
HC 0366 0031 -0.568 0364 0370 0114 00989+
-0.033 ~0.028 -0.404 -0.033 -0.033 ~5.66 -49
SRTR ~0.353 0506 -8.634+ -0.391 -0296 ~0.908°** ~0288
-0.268 -0.228 -3.284 -0.268 -0.268 -5.30 -1.63
Grow 028 -1219% -254 0372 0297 —44.20 —48.75
-0329 -0.28 -4.029 ~0.329 -0.328 -9.32 -10.09
CF 0112 0061 0415 0.107 0.109 -2.164* -2.116°
-0.156 -0.132 -1.909 -0.156 -0.155 -9.15 -8.92
GR -0.133 ~0.239** -0.256 -0.115 -0.132 0,603+ 0647
-0.106 -0.0899 -1295 -0.106 -0.105 -6.29 ~6.69
NPR -0.477* 0105 —2.113 ~0.485** ~0.463** -0.327** ~0.240°**
~0.078 ~0.066 ~0955 -0.078 ~0078 -9.99 -7.15
Roa ~0.460"** 0.145 5564 ~0.471°%% ~0.497*%* 2942 2,847+
-0.135 -0.114 -1.647 -0.134 -0.134 -9.44 -921
Bsize -0.08 0179 -3.121 ~0.094 -0.059 1062+ 1727
-0273 -0232 -3.345 -0273 -0272 -352 -5.97
Age ~0.004 0023 -0.086 -0.006 -0.004 0.0169* 00158+
-0.02 -0.017 -0244 ~0.02 -0.02 -63 -5.88
Constant 5250 7977+ 1750 4645 5134 -2.163* ~2.619°*
-0.675 -0.574 -8.268 -0.693 ~0.674 -5.46 -7.63
Firm Yes Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes Yes
R-squared 0421 021 0094 0423 0425
Number of Samples 1536 1536 1536 1,536 1,536 1227 1227
Sobel Z 1976 0932
The Proportion of Mediation Effect 0.086

Momes: ad dhoi
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Variable name

Enterprise Technology
Innovation

R&D Investment Cost

Green Innovation

Symbol

InRD
Grepat

Variable description

Natural logarithm of the company’s R&D expenses for the year

The enterprise green patent numbers

Talent Policy

Talent Subsidy
Talent Subsidy Amount

Tal
Tall

Whether the company receives talent subsidics, 1 = yes, 0 = no

Natural logarithm of the talent subsidy amount received by the enterprise in the current year

Executive Incentive

Controlled Variable

Salary Incentives

Equity Incentive

Enterprise Size
Human Capital

Separation Rate of Two
Rights

Main Business Income
Growth Rate

Operating Cash Flow
Asset-Liability Ratio
Nature of Property Rights
Return on Total Assets
Board Size

Enterprise Age

MSS
MH

Size
HC
SRTR

Grow

CF

NPR
Roa
Bsize

Age

Natural logarithm of total executive compensation

‘The shareholding ratio of executives * 100

Natural logarithm of total assets
Natural logarithm of the number of employees

The actual controller has the difference between control and ownership

(Main business income in the current period - Main business income in the previous period)/
Main business income in the previous period

Net cash flow from operating activities/Total assets

Total liabilities/Total assets x 100

Whether the company is a state-owned enterprise, 1 = yes, 0 = no
Net profit after interest and tax/Total assets at the end of the year*100
Total number of board members/100

‘The difference between the current year and the year in which the company was established
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High-tech enterprises Non-high-tech enterprises

Model (11) (12) (13) (14) (15) (16) 17) (18) (19) (20)
serial
number
Variable InRD MSS MH InRD InRD InRD MSS MH InRD InRD
Tal 0035 0.067* 0020 0.029 0035 0.073 ~0.004 0317 0.073 0068
(0.020) (0.027) (0.352) (0.020) (0.020) (0.046) (0.024) (0.408) (0.046) (0.046)
MSS 0,097+ 0.033
(0.018) (0.061)
MH 00047 00187+
(0.001) (0.004)
Constant 4258 7.756* 1534 3508 4205 2.766 6132 -8.112 2.564 2912
(0.832) (1.147) (14.89) (0.836) (0.831) (1.828) (0946) (16.12) (1.866) (1.806)
Controlled Variable Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 2,864 2,864 2,864 2,864 2864 2,140 2,140 2,140 2,140 2,140
R-squared 0.652 0201 0090 0.658 0654 0243 0262 0149 0243 0262
Number of Samples 1,182 1,182 1,182 1,182 1,182 1113 1113 1,113 1,113 1,13
ol ;9 e s icate stiation] diprancanER ST 100655, 35 1% Tl fos
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High gearing ratio Low gearing ratio

Model (21) (22) (23) (24) (25) (26) 27) (28) (29) (30)
serial
number
Variable InRD MSS MH InRD InRD InRD MSS MH InRD InRD
Tal 0082+ 0065 -0.078 0.078* 0083 -0016 0000 -0.170 0016 -0015
(0.034) (0.030) (0.259) (0.034) (0.034) (0.019) (0.016) (0.348) (0.019) (0.019)
MSS 0,067+ 0054*
(0.030) (0.028)
MH 0010+ 0,005+
(0.003) (0.001)
Constant 7,655 5,602+ 18.75% 7,278 7461 2.729* 1045 55.03* 2.161 2471
(1212) (1.050) (9.219) (1222) (1.210) (1.656) (1.447) (31.07) (1.681) (1.652)
Controlled Variable Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 2413 2413 2413 2413 2413 2,591 2,591 2,591 2,591 2,591
R-squared 0325 0173 0067 0327 0329 0.565 0267 0131 0566 0.568
Number of Samples 938 938 938 938 938 935 935 935 935 935

M b e
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Variable

Treated"Post
Green Innovation
COCEN

SOE

Size

Leverage

Ages

ROA

CR

Provice
industry

DID PSM-DID
EUE EUE INQ EUE EUE EUE INQ EUE
(2a) (2b) (20) (2d) (2a) (2b) (20) (2d)
2775 5443 56.64' 2357 4479 46141
46.16 37.78 39.24 33.92 32.03 33.88
010" 008" 008" 0,06
27.86 22,03 2413 17.32
0,83 036" -0.40" —0.42 -0.88" 010" 030 005"
-125,62 2253 -27.86 -26.25 -99.51 553 -17.86 258
-22.53"* -23.91™ -28.65"" -25.70"* -30.41** -24.46" =25.01" -26.20"
-92.96 4147 -4887 -43.85 -99.07 —4071 —41.49 -43.08
23.86™ -4.25* -1.43" -2.348" 2518 -2.86" -1.09" =141
301.77 2242 681 ~11.28 260.25 -1563 -5.37 -7.05
-15.06"" -9.88" -14.72 -11.08" -22.41 -16.14" -9.84" -17.43
-27.28 -7.46 —11.41 -8.37 -32.35 -11.90 -7.40 -12.84
-0.38" -1.65 -1.05"* -1.68" -0.19" -0.96™ -0.73 -097*
-17.86 -3238 -2109 -32.98 -7.47 -19.39 -14.87 -19.61
-24.21* -176.00"* -152.60"* =178 -33.61" -172.10** -121.60"* -174.00"
-8.67 -2631 -22.70 -26.61 -9.57 -2502 -17.76 -25.31
-0.04" 0.00 -0.07* 0.00 -0.04" 0.00 -0.05" 000
-3.10 -0.89 -265 -0.99 327 -051 -2.13 -061
YES YES YES YES YES YES YES YES
YES YES YES YES YES YES YES YES
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Variable

Treated"Post
Green Innovation
COCEN

SOE

Size

Leverage

Ages

ROA

CR

Provice
industry

DID PSM-DID
EUE EUE INQ EUE EUE EUE INQ EUE
(1a) (1b) (10 (d) (1a) (1b) (1) (1d)
—a7.49" -39.59" -36.42 28,12 -31.20" 2005
-56.252 -18.94 -17.36 43.20 -17.55 -16.23
0.10" 007 009" 008"
27.86 1822 16.38 13.64
-0.85™ -037 047 0,43 -0.50 ~0.19" -0.18" 023
-130.63 2321 2889 -26.30 -69.75 -9.76 -9.40 ~11.67
-20.74" -24.87 -28.65"" -26.26"" -10.93"* -21.35" -21.67" -22.22**
-86.19 -42.49 -48.87 -44.50 -44.00 -31.37 -31.78 -32.53
2251 =77 -1.43" -1.26"* 14.75"* Qg™ 0.81™* 1.99"
285,67 14.43 681 604 182.76 366 3.43 838
-9.88" -12.6" -14.72" -13.26"* -7.09"* -10.20" -17.95" -10.77"
-18.05 -9.46 -1 -9.96 -11.35 -5.96 -10.44 -6.29
0.01 -1.46"" -1.05"* -1.46" =0.13"* -1.35" =0.72* -1.36""
040 2868 -21.09 2868 -5.99 -23.29 -12.70 2347
249 -189.40"* -152.60** -189.20" -32.54** -52.94* -14.52 -55.54"
0.90 2807 -22.70 -28.06 -10.91 -6.48 -1.78 -6.80
-0.09 000 -0.08" 000 207 504t 312 521
752 -128 -2.65 -1.49 1696 1507 932 15.56
YES YES YES YES YES YES YES YES
YES YES YES YES YES YES YES YES
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Variable

COCEN
SOE

Size

Leverage

Green Innovatio
Enterprise energ
Ages

ROA

CR

Sample

Unmatched
Matched
Unmatched
Matched
Unmatched
Matched
Unmatched
Matched
Unmatched
Matched
Unmatched
Matched
Unmatched
Matched
Unmatched
Matched
Unmatched
Matched

Control group Treatment group
N Mean N Mean
5948 04940793 3304 05162916
1706 04940793 1706 05677971
5948 49007341 3304 1.90692
1706 41.16412 1706 3857901
5948 06814937 3,304 07023752
1706 06814937 1706 0.7524483
5948 2439411 3,304 24.42463
1706 24.39411 1706 24.44727
5948 36.04466 3,304 34.42075
1706 36.04466 1706 3854500
5,948 2951841 3,304 22.714427
1706 2951841 1706 20921965
5948 18.60666 3,304 20.81141
1706 18.69666 1706 21.02082
5948 00235816 3,304 00248612
1706 00235816 1706 00252905
5948 490.07341 3304 1.90692
1706 42.0341 1706 1.147886

Mean difference

-0.0222123"
-0.0737178
488.16649"*
258511
-0.0208815**
-0.0709546
-0.03052**
-0.05316
1.62391**
-2.50043
-19.762586**
-17.970124
-2.11475"
-2.32366
-0.00127965**
-0.00170893
488.16649*
40.886214
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Variable

COCEN
SOE

Size

Leverage

Green Innovatio
Enterprise energ
Ages

ROA

CR

Sample

Unmatched
Matched
Unmatched
Matched
Unmatched
Matched
Unmatched
Matched
Unmatched
Matched
Unmatched
Matched
Unmatched
Matched
Unmatched
Matched
Unmatched
Matched

Control group

Treatment group

5,948
1,360
5,948
1,360
5,948
1,360
5,948
1,360
5,948
1,360
5,948
1,360
5,948
1,360
5,948
1,360
5,948
1,360

Mean

0.496361
0.5270906
39.95091
39.02775
0.6646288
0.7871518
24.48742
2412106
42.36992
29.15126
16.96694
11.29374
19.41409
20.19075
0.0240901
0.0270236
260.92353
1.312054

1,368
1,360
1,368
1,360
1,368
1,360
1,368
1,360
1,368
1,360
1,368
1,360
1,368
1,360
1,368
1,360
1,368
1,360

Mean

0.5409363
0.5409363
38.5746
38.5746
0.7829912
0.7829912
24.18597
24.18597
13
13
11.4446
11.4446
2164616
2164616
0.02514148
0.02514148
1.228723
1.228723

Mean difference

-0.0445753"
-0.0138458
1.37631"*
0.45315
-0.1183624**
0.0041606
0.30145"*
-0.06491
29.36992***
16.15126
462234
-0.15086
-2.23207
~1.45541
-0.00105138"*
0.00188212
259.69481"**
0.083331
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Variable

Size
COCEN
SOE
Ages
Leverage
ROA

CR

Coefficien

0.069332
-0.00583
-0.06988
0.089581
0.454681
1.880752
-0.00564

st

0.002592
0.000217
0.007857
0.00071

0.018588
0.090587
0.000219

Z value

26.753
-1.361
-8.894
126.179
2117
20.762
-26.757

p value

<2e-16 **
0.165
<2616
<2e-16 **
0095
<2e-16 **
<2e-16 **
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Variable

Variable
Size
COCEN
SOE
Ages
ROA
CR
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-0.001
0.692
0.081
1.152
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0.003
0.000
0010
0.001
0.025
0114
0.005

Z value

-93.759
-2.387
72.104
98.850
45.453
35.151

—-44.064

p value

<2e-16"**
0.007**
<2e-16™"
<2e-16***
<2e-16"*
<2e-16"*
<2e-16™
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0.53
38

2437

o

20.25
0.017
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0.507
39.61
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24.41
36.07
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Max
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Variable
Classification

Independent variable

Intermediary variable
Dependent variable

Control variable

Variable Symbol

Environmental excitation (Exci)

Environmental reguiation (Regu)

Green Inovation (INQ)
Enterprise energy
efficiency (EUE)

Size

Ages

Leverage

SOE

COCEN
ROA

Current Ratio (CR)

Variable definitions

As mentioned above
As mentioned above
As mentioned above
As mentioned above

In (total assets)

As mentioned above

Total liabiities/total assets

The actual controller of the firm is the central and local SASAC, government agencies, state-owned firm, the
variable is 1, otherwise O

The proportion of the 1st largest shareholder (), taken logarithm

Return on assets s usually expressed as a percentage of a company’s annual eamings divided by its total
assets

Current ratio is the ratio of current assets to current liabies in the current year
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Variable

COMPETITION
FIN
COMPETITION‘FIN
ROA

Sales.

Liquidity

CF

Hold

Board

Age

Constant

Year

Industry
Obsenvations

Note: z statistics are in parentheses:

Green innovation

High-polluting firms

Non-high-poliuting firms

]

-0.001
(-0.002)

1129
(1.574)
0,002
(0.829)
0286
(1.264)
0.000
0.925)
0011+
(4.894)
0.046
(0.927)
0014
(2.062)
1129
(0.298)

yes

yes
1,287

@

-3.498"

(-4.480)

1079
(1.513)
0.002
(0.825)
0.473"
(2.108)
0.000
0.822)
0.011"*
(4.838)
0.033
0.671)
0.015*
(2.248)
1079
(1.550)

yes
yes
1,287

@

-3.544"

(-4.512)
0.199
(0.497)

1.060
(1.485)
0002
©0:817)
0.495"
(2.166)
0.000
(0.798)
0011+
(4.841)
0035
(©.701)
0016
(2.288)
1.060
(1.427)

yes

yes
1,287

@ ®)
-4.110™
(-4.570)
-0.369 -1.701%*
(-0.619) (-4.338)
-7.688
(-1.239)
1.006 1112
(1.408) @.127)
0002 0.000
(0.829) (0.107)
0.491* -0.162
(2.145) (-0.881)
0.000 0.000"
(0.723) (4.793)
0011 0.003
(4.868) (1.507)
0033 0.479™
(0.668) (13.448)
0.015™ 0.003
(2.228) 0.616)
1.006 -2.068""
(1.434) (~4.534)
yes yes
yes Yyes
1,287 2,950

and * represent significance at the Jevel of 1, 5, and 10%, respsciively.

©)

-2.394"
(-6.042)

1.009"
(1.920)
0.001
©0311)
0.267
(1.528)
0,000
(4.226)
0.001
(0.474)
0.438"
(11.827)
0.002
(0.366)
—2.807"""
(-6.191)

yes
yes
2,950

@

2512
(-6.331)
—1.884"
(-4.836)

0001
(0:346)
0011
(0061)
0000
(4.749)
0.000
0.159)
0431
(11.742)
0004
(©0.775)
0001
(0346)
25570
(-5.651)

yes
yes
2,950

®

3477
(-6.667)
-0.632
(-1.024)
11.284"
(2.753)
1.152+
(2.226)
0.001
(0.309)
0.008
(0.045)
0.000"*
(5.010)
0.001
(0.396)
0.434"
(11.829)
0.005
(1.081)
-2.752"
(-5.879)

yes
yes
2,950
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Variable

COMPETITION
FIN
COMPETITION‘FIN
ROA

Sales

Liquidity

CF

Hold

Board

Age

Constant

Year

Industry
Observations

Note: z statistics are in parentheses:

Green innovation

High constraints

Low constraints

)

0.022
(0.055)

0555
0.910)
0001
(0.996)
.168
.662)
0,000
(1.581)
0009
(3.906)
0.621"
(6.765)
-0.045"
(-5.640)
1075
(-2.064)

(¢

yes
yes
2065

@

-1.166*
(1.814)

0478
(0.794)
0001
(0.973)
-0.118
(-0.495)
0.000*
(1.646)
0009
@.701)
0586
(6.632)
-0.045""
(-5662)
—1.182"
(-2.281)

yes
yes
2065

®

-1.161
(1.816)
-0.054
(-0.133)

0479
(0.795)
0001
(0.975)
-0.127
(-0502)
0000
(1.648)
0009
@641)
0585
(6.638)
-0.044"*
(-5.575)
-1.172"
(-2.254)

yes
yes
2065

and * represent significance at the feval of 1,

“@

~1.202"
(1.967)
-0.085
(-0213)
11.383
(-2.641)
0.470
0.782)
0.001
(0.954)
-0.162
(-0642)
0.000"
(1.665)
0,009
(8.785)
0.674"
(6.747)
-0.043"*
(-5.380)
-1.167"
(~2.264)

yes
yes
2065

5

-0.633
(-1.572)

-0518
(-0.715)
-0.000
(-0.113)
0.002
(0.389)
0000
(2.156)
0,003
(1.100)
0.084*
(1.958)
0.024*
@873
0601
(1618)

yes
yes
1987

5, and 10%, respectively.

©)

-1.098*
(1.974)

-0.660
(-0.917)
0.000
(0.104)
0213
(0.927)
0,000
(2.043)
0002
(0.824)
0.069
(1.557)
0.024
(2.893)
0.459
(1.222)

yes
yes
1987

U]

~1.196"
@.157)
-0.765"

(-1.868)

0535
(-0.738)
0.000
(0.091)
0.130
(0551)
0000
(2.169)
0002
(0.763)
0067
(1.484)
0024
2.915)
0535
(1.418)

yes
yes
1987

®

-1.186*
@113
-0.748"
(-1.821)
2.402
(0.544)
0576
(-0.786)
0.000
(0.105)
0.126
(0.535)
0000
(2.093)
0002
(0.736)
0.065
(1.444)
0.024
(2.900)
0551
(1.452)

yes
yes
1987
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Variable

EWP
Gel
Tec
Isa
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Urb
Eco

Is
Er

Obs

360
360
360
360
360
360
360
360
360
360

Mean

0.8719
0.5418
3142

6.6144
0.5711
0.5586
0.0334
0.0088
0.4565
0.0004

Std. DEV

0.4271
0.1472
5107

0.4553
0.1854
0.1315
0.0259
0.0089
0.1348
0.0003

Min

0.1949
02205
13
03348
0.0195
02912
0.0027
0.0008
0.0063
0.00002

36397
0.9061
32269

7.6518
0.9348
0.9415
0.1150
0.0620
0.8406
0.0035
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Variable

COMPETITION
FIN
COMPETITION'FIN
ROA

Sales.

Liquidity

CF

Hold

Board

Age

Constant

Year

Industry
Obsenvations

Note: z statistics are in parentheses:

Green innovation

SOEs Non-SOEs
™ @ @ @ ®) ®) (U] ®
1555 2,108 -3.050"" -0.255 -0.303 -0.437
(-2.495) (-3.342) (-3.797) (-0.669) (-0.796) (-0.996)
-2.265" -2.557 -1.456" -1.300"* -1.310" -1.068"
(-4.921) (-5.482) (-1.986) (-3598) (-3.621) (-1.901)
10.331* 2.829
(2013 (0.621)
2.692" 2505 2615 2.682* 1.938™ 1.838™ 1.920"* 1.927+
(4.461) (4.048) (4.331) (4.491) (3.903) @673 (3.:865) (3.878)
0001 0001 0.001 0,001 -0.000 -0.000 -0.000 -0.000
(0.527) ©0617) (0.707) (.701) (-0018) (-0.027) (-0.011) (-0.006)
0.357 0.844** 0.344 0.316 -1.229" -1.085"* -1.209"* -1.207"*
(1.392) (3.546) (1.336) (1.282) (-6979) (-6.155) (-6.792) (-6.777)
0000 0.000*** 0000 0000 -0.000" -0.000* -0.000 -0.000
(4.614) (3.988) (@a547) @719 (-2075) (-2.238) (-1.949) (-1.945)
0002 0000 0.001 0,002 0,004 0,005 0004+ 0,004+
(0.609) (0.084) (0.502) (0.768) (2.545) (2.638) (2.300) (2.300)
0336 0.334" 0204 0206 0136 0.134" 0135 0.137"
(7.726) (7.387) (6.504) (6.555) (2.733) (2.675) @717 (2.756)
-0.036™" -0.035"" 0,033 -0,029"" 0013* 0012 0013 0013
(-5.144) (-4.910) (-4.619) 2.682* (2.615) (2.589) (2.618) (2.631)
-1.010" —1.471 ~1.209" -1.457" 1.155™ 0953 1120 1.107
(-2.260) (-3.139) (-2.708) (-3.008) (3.356) (2.700) @.157) @.114)
yes yes yes yes yes yes yes yes
yes yes yes yes yes yes yes yes
1,462 1,462 1,462 1,462 2,725 2,725 2725 2,725

and * represent significance at the Jevel of 1, 5, and 10%, respsciively.
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Variable Year

2008
2009
2010
2011
2012
EWP 2013
2014
2015
2016
2017
2018
2019

Spatial adjacency
weight matrix

Moran’s I

0,304 (0.001)
0.239** (0.006)
0,273 (0.002)
0.339** (0.000)
0.361** (0.000)
0.387%** (0.000)
0,275 (0.002)
0341 (0.000)
0.264** (0.004)
0.111%% (0.044)
0.195** (0.015)
0.109** (0.046)

(
(
(
(
(
(
(
(

P statistics in parentheses, *p < 0.1, **p < 0.05, ***p < 0.01.

Geographic distance
weight matrix

Moran’s I

0.260** (0.019)
0.225% (0.032)
0304 (0.009)
0.312*%* (0.007)
0381 (0.002)
0372 (0.002)
0.279** (0.012)
0341 (0.004)
0.345%* (0.004)
0.145* (0.053)

0.288*** (0.009)
0.153** (0.046)

Economic distance
matrix

Moran’s I

0.386*** (0.000)
0.284** (0.005)
0.398** (0.000)
0.457*** (0.000)
0.480** (0.000)
0514 (0.000)
0.380%** (0.000)
0466 (0.000)
0431 (0.000)
0191 (0.009)
0.322**% (0.001)
0194 (0.009)

Nested matrices

Moran’s I

0.275 (0.065)

0247 (0.082)

0362 (0.026)
0.382** (0.020)
0.465%** (0.007)
0.438* (0.011)
0.351** (0.028)
0.415*** (0.013)
0446*** (0.010)
0202 (0.071)
0.390** (0.016)
0.220* (0.057)
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COMPETITION*FIN
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Sales
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CF

Hold

Board
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Constant
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Observations

Note: z statistics are in parentheses:

Green innovation

V)

Zogea
(-3.068)

1.521%
(5.845)

yes
yes
4,187

and

@ @

2,661
(-8.048)

-0.850""

(-2.979)

11410
(2.719)
0.001
0377
0.066
(0.466)
0.000"*
(4.354)
0.006"*
(4.146)
0372
(12.627)
0.002
(0.525)
10314 -0.275
(3:831) (-0.825)

yes yes
yes yes
4,187 4,187

* rapresent significance at the level of 1, 5, and 10%, respectively.

@

-1.558""
(-4.663)

1.022
(2.429)
0001
(0534)
0225
(1639)
0,000
(4.259)
0005
(3.542)
0349
(11.537)
0003
(0.806)
-0.529
(-1.568)

yes
yes
4,187

©®)

1648
(-4.920)
-0g72*
(-3.414)

1.085"*
(2.589)
0001
(0.549)
0.111
(0.782)
0000
(4.526)
0005
3341)
03441
(11.398)
0003
(0.841)
-0.406
(-1.210)

yes

yes
4,187

©)

—2.197"
(-5.550)
-0.100
(-0.229)
9.089"
(2.764)
2,497
(-5.550)
1163
(2.762)
0.001
(0515)
0.109
(0.768)
0.000*
(@.775)
0,005
(3.470)
0346
(11.460)
-0.489
(-1.456)

yes
yes
4,187
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COMPETITION
FIN

ROA

Sales

Liquicity

CF

Hold

Board

Age

Board

Gl

1

-0.051"*
-0.011*

0.006"**
-0.006
0044
0.092"
0044
0.079™

0.001

CF

1
0.065**
0.014
0.044**

COMPETITION

.
0,051
0,000
0015
0,000
-0.048"
0,087+
0.029"
0007

Hold

1

-0.003
-0.209"*

and * represent significance at the level of 1., 5, and 10%, respectively.

FIN

1
-0.017
0.005
-0.233"*
0.070"
-0.128"
-0.027*
0477+

Board

1
0,044+

ROA

1
Qe
0.153**

0078

0201+
-0.012

0,071

Age

Sales

0.013

0018
0.043*
-0.042"*

-0.017

Liquidity

-0.065™
0127+

-0.083"
-0.152***
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Gl
COMPETITION
FIN

ROA

Sales

Liquidity

CF

Hold

Board

Age

Observations

5,848
5,848
5,848
5,848
5,848
5,848
5,848
5,848
5,848
5,848

Mean

136612
-0.1004
0.0558
0.0386
-0.0642
0.5786
153.9021
575149
3.2291
16.1796

Std. Dev

49.9545
0.0857
0.0829
0.0683
17.3698
0.1691
2,722.3910
15.1815
0.6363
5.8577

0.0000
-1.0000
0.0000
-1.0570
-690.6160
0.0508
-47,232.984
9.0900
1.0000
1.0000

Median

4.0000
-0.0796
0.0256
0.0378
0.0000
0.5855
422751
57.8250
3.0000
16.0000

Max

1,494.0000
0.0000
0.8976
0.3809

538.7073
0.9901
65,257.4800
100.0000
8.0000
44.0000
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Variables
Gl

COMPETITION

FIN

ROA
Sales
Liquidity
CF

Hold
Board
Age

Type
Dependent Variable

Independent Variable

Control Variables

Definition
Gl is calculated by summing up the total number of green inventions and green utiity models applicated by the firms

COMPETITION is calculated as the multiplication of minus one and the sum of squares of the market shares of the firms in an
industry
FIN is calculated as financial assets divided by total assets

ROA is calculated as net income divided by total assets

Sales is measured as the growth rate of operating profits

Liquidity is calculated as the current assets divided by total assets

CF is calculated as the sum of EBIT and depreciation and amortization minus the sum of working capital and capital
expenditure

Hold is calculated as the sharing ratio of top ten shareholders

Board is measured as the number of independent directors

Age is measured as the duration from the year the fim was established to the sample year
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Indicator test Geographic distance matrix Nested matrices

Statistics p-value Statistics p-value
Moran’s 1 21.784* 0.000 21.700"* 0.000
LM-lag 485,956 0.000 491.924%%% 0.000
LM-err 436602+ 0.000 4312544 0.000
R-LM-lag 52,956 0.000 63.823%% 0.000
R-LM-err 3.601* 0.058 35 0.076
LR (SDM&SAR) 159244 0.007 25,500 0.000
LR (SDM&SEM) 16,454 0006 26154 0.000
Hausman-test 61.72% 0.000 36,54+ 0.000

*p < 0.1, **p < 0.05, **p < 0.01.
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Dimension

Input indicators

Criteria

Resource consumption

Two-level index

Energy consumption
Land resource consumption

Water consumption

Indicators

Per capita standard coal consumption
Per capita construction land area

Per capita water consumption

Environmental pollution

Waste water disposal
Exhaust emissions

Solid waste discharge

Per capita COD emissions Per capita ammonia nitrogen emissions
Per capita sulfur dioxide emissions Per capita smoke and dust emissions

Per capita general industrial solid waste discharge, Per capita urban domestic waste

removal and transportation

Output indicators

Well-being

The level of economic development
Educational development level

Health care level

Urban greening level

Per capita GDP

Average years of education

Number of health technicians per 10,000 people

Green coverage in built-up areas
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Variable

COMPETITION
FIN
COMPETITION'FIN
ROA

Sales.

Liquidity

CF

Hold

Board

Age

Constant

Year

Industry
Observations

Note: z statistics are in parentheses:

Green innovation

Before 2014 After 2014
™ @ ® @ ©® ©) (U] ®
-2.788"" 2,992 -3.600"* ~1.409"* 1451 ~1.918"
(-3.958) (-4.227) (-4.422) (-3.476) (-3.571) (-3.947)
1443 1,633 -0.555 -0.382 -0.488 0.180
(-3.017) (-3.421) (-0661) (~1.065) (-1.362) (0.344)
11.058 7.151*
(1.611) (1.837)
-1.208 -1.242 -1.090 -1.075 1.674™ 1.583** 1.606"* 1.658™
(-1.444) (-1.510) (-1.324) (-1.307) (3.698) 8.479) (3531) (3.662)
0017+ 0016™ 0017+ 0017+ -0.000 0.000 0000 0.000
@574) (2.462) (2.526) (@574 (-0.104) (0.036) (0.045) ©0.013)
-0.089 0.251 0.040 0.042 0.144 0.224 0.168 0.163
(-0.373) (1.082) (0.164) ©.172) (0.816) (1.310) 0953) (0.928)
0,000 0,000 0,000 0,000 0000 0,000 0000 0,000
2842) 2.502) @813 (2.965) (3.446) (3.528) (3.638) @.821)
0007 0.007*** 0006 0006 0.004* 0.003 0003 0003
(2.880) (2.755) (2.429) (2.530) (2.090) (1.397) (1.335) (1.421)
0.487" 0.458"" 0.434" 0.436" 0267 0240 0240 0242
(10.388) (9.446) (8.940) (8.986) (7.108) (6.221) 6219 (6279
-0.018™" -0.014" -0.015" -0.013" 0014 0015 0015 0015
(-2.641) (-2.140) (-2.246) (-1.910) (2.857) (3.060) (3.087) (3.224)
-0.429 ~1.108" -0.777 -0.860" 0.400 0.294 0337 0.264
(-0.852) (-2.148) (<1513 (-1.660) (0.982) ©0718) (0825) (0.636)
yes yes yes yes yes yes yes yes
yes yes yes yes yes yes yes yes
1,451 1,451 1,451 1,451 2,736 2,736 2,736 2,736

and * represent significance at the Jevel of 1, 5, and 10%, respsciively.
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Variables

‘Weight matrix

Geographic distance matrix

Nested matrix

Gle
Urb
Eco

Fe

Is

Er
WxGle
WxUrb
WxEco
WxFe
Wls
WxEr
direct effect

indirect effect

P

0.5616"* (2.9112)
03098 (1.6178)
0.0528 (0.5648)
~0.6079*** (-3.9832)
~0.1566*** (~7.1259)
~0.9350** (~4.4932)
~24771%* (-5.9755)
10169** (2.9101)
0.4004 (1.4791)
~0.9759*** (~2.9156)
0.1795 (0.5304)
-0.3363 (-0.5211)
04140 (2.0773)
~32671*** (-4.8401)
0.3187+** (4.0760)

0.5585** (2.7835)
0.3744* (1.9183)
0.0301 (0.3087)
~0.6300%** (~3.9725)
~1.0107*** (~6.5115)
~1.0543*** (~4.9236)
~2.2301%%* (~5.0674)
04655 (1.4164)
0.4524 (1.6358)
~0.7964** (~2.0363)
0.5883 (1.6389)
~0.7297 (-0.8356)
04490 (2.1743)
~2.7983*** (~4.1488)
0.2770%* (3.5925)

statistics in parentheses,*p < 0.1, **p < 0.05, ***p < 0.01.
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Mediation
variables

Variables

Gle

W*Gle

WM

Direct effect

Indirect effect

Control variable

1) 2)

Technological innovation

EWP Tec
~0.5616+ ~2.6918"
(-29112) (-62922)
223014 -3.7949"
(5.0674) (-4.0744)
03187+ 0.1841%
(4.0760) (2.1813)
~04140% 28201
(-20773) (-6.6418)
32671 -5.1178"
(4.8401) (-4.9964)
control control

G)

EWP

04397
(-24537)

02056
(8.9664)

24130
(5.9906)

0.1017*
(1.8491)

03327
(43152)

-0.2970*
(~1.7089)

33208%*
(5.0522)

control

)

5)

Industrial structure

upgrading
Isa

~0.6164***
(-2.8953)

04716
(1.1596)

0.2028*
(2.0547)

05950
(-2.8159)

0.4508
(0.9632)

control

EWP

06033+
(-2.8289)

0.1770%%
(3.8841)

25619***
(5.5392)

-0.2825*
(-1.7152)

0.4317%4%
(5.6735)

-0.3967*
(-1.8873)

4.0022%%
(4.3314)

control

(6) )

Energy consumption
structure

Es EWP
-0.2775%+ 07437+
(-37817) (-3.8275)
11815+
(9.0657)
06116 11525
(4.3561) (29479)
~L1178%
(-2.7424)
05119 04429+
(6:3276) (5.9053)
021974+ 06724+
(~3.0556) (-3.6092)
0,946+ 14519
(3.5640) (22472)
control control

T statis

ics

parentheses, *p < 0.1, **p < 0.05, ***p < 0.01.
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1) @) 3) 4) ) 6) 7)
Mediation Industrial structure Energy consumption
variables Technological innovation upgrading structure
Variables EWP Tec EWP Isa EWP Es EWP
Gle ~0.5585% ~2.4020** ~0.4091% ~0.1598" ~0.9881 ~0.5644% ~04725%
(-2.7835) (-6.3208) (-2.1828) (-2.1062) (-6.4993) (-3.7944) (-2.2107)
M 02634+ 11665 04761+
(9.5407) (10.7575) (7.0081)
W*Gle 24771%% —2.8431% 20683 01315 0.7996% 0.8297%+% 18703+
(59755) (-3.2889) (4.9851) (07937) (2.4791) (2.7875) (3.9075)
WM 02636+ ~0.6363 ~0.6630%*
(2.8688) (-2.7696) (-2.7691)
p 0.2770%% 0.1838* 02045% 0.1269* 0.3214%% 04872+ 0.3266%%
(3.5925) (21920) (2.4466) (1.7969) (3.9375) (5.8410) (4.1993)
irect effect -0.4490* 240107 -0.3427* =0.1547* ~0.9653*** =0.5031* -0.3736*
(-2.1743) (-6.6213) (~1.9051) (-20121) (-69351) (~3.5500) (-1.8425)
Indirect effect 27983+ ~3.97524% 24966 01235 0.6968* 1.0345% 25350
(4.1488) (-4.0052) (4.2900) (0.6831) (1.7715) (2.0476) (34722)
Control variable control control control control control control control

T statistics

parentheses, *p < 0.1, **p < 0.05, ***p < 0.01.
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1) (2) 3) @) ®) (6) @)

Mediation Technological innovation Industrial structure Energy consumption structure
variables upgrading
Variables EWP Tec EWP Isa EWP Es EWP
Gle 0.5585% 19920 0.4190* 09097%% 04950 02304+ 04736%
(2.7835) (5.2368) (2.2033) (4.4594) (22729) (3.0109) (23327)
M 01261 02026+ 108745+
(6.2759) (43827) (93389)
W*Gle —24771%% 19122 ~2.0268%* 04820 —22124% ~0.4877+ —17784%
(-5.9755) (2.1808) (-4.6728) (-1.1609) (-4.6425) (-3.2755) (-3.8859)
WM 0.1577% ~0.4276% —Lo111%
(2.4667) (-2.7923) (-2.4010)
p 02770+ 03051 0.2273%% 02070% 0.3205%% 0.3628% 0.3419%
(3.5925) (3.6445) (2.7336) (21130 (3.9801) (3.8602) (4.1971)
irect effect 0.4490** 21181 0.3486* 080274+ 0.3767*** 0.1991%* 0.3745*
(21743) (54987) (1.9166) (4.4019) (36127) (2.6547) (1.9414)
Indirect effect ~2.7983%% 35161 ~24313% ~03491 ~3.0255% ~0.6338" ~24581%%+
(-4.1488) (3.0982) (-3.9683) (-0.7455) (-3.9243) (-2.8923) (-34102)
Control variable control control control control control control control

T statistics

parentheses, *p < 0.1, **p < 0.05, ***p < 0.01.
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Mediating variables Inspection content Bias-corrected 95% confidence Percentile 95% confidence

interval interval
Lower limit Upper limit Lower limit Upper limit
Tec Indirect effect 0.1641 07995 0.1444 07801
Direct effect 01258 0.9462 0.1292 09573
Isa Indirect effect 00784 0.4630 0.0842 04833
Direct effect 05555 12122 0.4958 1.1473
Indirect effect 0.1441 0.4399 01329 04151

Direct effect 04581 0.9785 04519 09739
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Year Agricultural Agricultural Agricultural Ecological Benefits Economic Benefits Social Benefits

Resource Production Level Science &
Endowment Technology Level
c Ranking c Ranking c Ranking c Ranking c Ranking c Ranking
2013 0.434 7 0.290 ¥ 0.297 T 0.013 ¥ 0.000 b 0.353 6
2014 0497 5 0331 6 0363 6 0.280 5 0.164 6 0307 7
2015 0.546 3 0.379 5 0.571 4 0.202 6 0313 5 0.360 5
2016 0456 6 0445 4 0.504 5 0602 3 0462 4 0375 4
2017 0.501 4 0492 3 0668 2 0.426 4 0598 3 0.433 3
2018 0.556 2 0.722 1 0.641 3 0.702 1 0.737 e 0.521 2
2019 0.566 1 0572 2 0960 1 0656 2 1.000 1 0618 1
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Prefecture-Level City D+ (distance from PIS) D- (distance from NIS) C (relative closeness) Ranking

Hangzhou 0.590 0.609 0.508 4
Ningbo 0538 0.625 0.538 3
Jiaxing 0.545 0.717 0568 2
Huzhou 0.368 0.774 0.678 1

Shaoxing 0.627 0.554 0.469 6
Zhoushan 0.729 0.545 0.428 9
Wenzhou 0.649 0.491 0.431 7
Jinhua 0.670 0.502 0.428 8
Quzhou 0.608 0.598 0.496 5
Taizhou 0.690 0.434 0.386 10
Lishui 0.794 0.442 0.367 1"
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ity Agricultural Agricultural Agricultural Ecological Economic Benefits Social Benefits

Resource Production Level Science & Benefits
Endowment Technology Level
c Ranking c Ranking c Ranking c Ranking c Ranking c Ranking
Hangzhou 0437 9 0.641 6 0.598 2 0395 9 0534 4 0.483 4
Ningbo 0.485 7 0.802 3 0518 4 0259 1 0551 3 0535 3
Jiaxing 0536 5 0.900 1 0413 5 0365 10 0.494 5 0679 1
Huzhou 0.697 1 0.839 2 0.726 1 0646 1 0597 1 0620 2
Shaoxing 0579 4 0.693 5 0.076 1" 0455 7 0.486 6 0.328 8
Zhoushan 0350 1" 0.446 10 0.276 9 0547 2 0562 2 0.196 1"
Wenzhou  0.406 10 0.460 9 0.565 3 0546 3 0233 8 0.359 6
Jinhua. 0514 6 0576 7 0.388 6 0531 ) 0223 9 0.245 9
Quzhou 0.693 2 0.724 4 0.280 8 0522 5 0.203 10 0.463 5
Taizhou 0.478 8 0.492 8 0212 10 0493 6 0312 7 0.199 10
Lishui 0.625 3 0.234 11 0.324 7 0400 8 0.092 1 0355 7
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Category

Agricultural Resource
Endowment A1

Agricultural Production
Level A2

Agricultural Science and

Technology Level A3

Ecological Benefits Ad

Economic Benefits A5

Social Benefits A6

Index

Cultivated land per capita B1

Proportion of first-class cultivated land B2
Forest coverage rate (farmiand shelter forest across
plains) B3

Effective irigation rate B4

Muliple cropping index BS

Grain yield per unit area B6
Agricultural mechanization level B7

Proportion of cultivated land with scale management B8

Proportion of hog scale production B9

Proportion of agricultural technicians B10
Training of rural practical talents B11

Coverage rate of improved crop varieties B12
Contribution rate of agricultural science and technology
investment B13

Comprehensive utiization rate of clean energy in rural
areas B14

Fertiizer use intensity B15

Pesticide use intensity B16

Comprehensive utiization rate of straw B17
Comprehensive utiization rate of animal manure as
resources B18

Agricultural labor productity B19
Output value per mu B20

Rural per capita disposable income B21
Income gap between rural and urban areas B22

Ratio of leisure agriculture output value to the total output
value of agrioulture B23

Grain yield per labor force B24
Meat and egg production per labor force B25

Level of agricultural labor force transfer B26
Performance of financial support for agriculture B27

Proportion of production area of pollution-free/green/
organic agriouitural product certfication B28

Formula (Unit)

Cultivated land areahousehold registered population (mu/
person)

First-class culivated land area/cultivated land area (%)
Directly available (%)

Effective irrigation area/cultivated land area (%)

Sown area/cultivated land area

Total grain yield/sown area (kg/mu)

Machine-ploughing rate*0.4+machine-sowing
rate*0.3+machine-harvesting rate*0.3 (%)

Cultivated land area with scale management/cultivated land
area (%)

Hog scale production/total hog production (%)

Number of agricultural technicians/number of people
employed in the primary industry (%)

Number of rural pracical talents trainec/number of people
employed in the primary industry (%)

Directly available (%)

Investment in agricultural science and technology/Value-
added in agriculture (%)

Clean energy consumed in rural areas/total energy
consumption in rural areas (%)

Amount of fertizer used/cultivated land area (kg/mu)
Amount of pesticide used/cultivated land area (kg/mu)
Directly available (%)

Directly available (%)

Value-added in agriculture/number of people employed in
the primry industry (yuan/person)

Total output value of agriculture/cultivated land area
(yvan/mu)

Directly avallable (yuan)

Urban per capita disposable income/rural per capita
disposable income

Output value of leisure agriculture/total output value of
agriculture

Grain yield/number of people employed in the primary
industry (kg/person)

Meat and egg production/number of people employed in the
primary industry (kg/person)

Number of people employed in the primary industry/total
number of people employed (%)

Financial support for agriculture/value-added in agriculture
Directly available (%)

Index
Direction

+

o+
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First-level Index Weight of
First-level
Index (%)
Agricultural Resource Endowment A1 1057
Agricultural Production Level A2 2225
Agricultural Science & Technology 930
Level A3
Ecological Benefits A4 19.19
Economic Benefits A5 15.50
Social Benefits A6 23.08

Second-level Index

Cultivated land per capita B1
Proportion of first-class cultivated land B2
Forest coverage rate (farmiand shelter forest across plains) B3

Effective irrigation rate B4
Multple cropping index B5

Grain yield per unit area B6

Agricultural mechanization level B7

Proportion of cultivated land with scale management B8
Proportion of hog scale production B9

Proportion of agricultural technicians B10
Training of rural practical talents B11

Coverage rate of improved crop varieties B12

Contribution rate of agricultural science and technology investment B13

Comprehensive utilzation rate of clean energy in rural areas B14
Fertiizer use intensity B15

Pesticide use intensity B16

Comprehensive tilzation rate of straw B17

Comprehensive wtilzation rate of animal manure as resources B18

Agricultural labor productivity B19
Output value per mu B20

Rural per capita disposable income B21

Income gap between rural and urban areas B22

Ratio of leisure agricuiture output value to the total output value of agriculture B23

Grain yield per labor force B24

Meat and egg production per labor force B25

Level of agricultural labor force transfer B26

Performance of financial support for agriculture B27

Proportion of production area of polution-free/green/organic agricuitural product
certfication B28

Weight of
Second-level
Index (%)

392
280
385

345
3.06
5.01
487
264
322

1.69
184
223
354

326
369
3.76
301
5.47

458
266
307
223
3.05

6.67
529
457
367
288
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Year

2013
2014
2015
2016
2017
2018
2019

D+ (distance from PIS)

0.182
0.152
0.153
o.127
0.119
0.088
0.093

D- (distance from NIS)

0.074
0077
0.081
0.102
0.100
0.142
0.164

C (relative closeness)

0.290
0.336
0.345
0.446
0.456
0.617
0.637

Ranking

N
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Explanatory Variables

did

IND
IND#did
Constant

Control variables
FirmFE

YearFE

CityFE

2

N

The values in parentheses are the standard errors.

Explained Variable: Greeninnovation

)

0.3814"
(0.1427)
03421
(0.2843)
-0.6516*
(0.3694)
-6.9998"
(0.6411)
YES
YES
YES
YES
08005
9,248.0000

and

@ ®)
0.1094* 0.2330"*
(0.0500) (0.0533)

-6.0417 -5.9517
0.8563) (11213
YES YES
YES YES
YES YES
YES YES
0.7641 0.8475
5,894.0000 3,303.0000

* rapresent sionificance levels of 1%, 5%, and 10%, respectively.

@

0.1556™*
(0.0413)

-5.7110"
(0.7165)

YES
YES
YES
0.8100
6,624.0000

5

0.0961
(0.0714)

-6.3335""
(1.2731)

YES
YES
YES
0.7696
2574.0000
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Explanatory Variables

Explained Variable: Greeninnovation

)

(0.0643)

(1.1556)

did 02271
Constant -6.1124*
Control variables YES
FimFE YES
YearFE YES
CityFE YES

2 08461

N 3,220.0000

The values in parentheses are the standard errors. *

levels of 1%, 5%, and 10%, respectively.

@ ©®)
01352 01512
(0.0356) (0.0361)
-5.9254" 57381
(0.6501) (0.6599)
YES YES
YES YES
YES YES
YES YES
08002 0.7997
9,213.0000 9,043.0000

", **, and * represent significance
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Explanatory Variables Explained Variable: Greeninnovation

(] @ (€]
did 0.1130 -0.6319" 0.0813
(0.0378) (0.3160) (0.0504)
ETR -0.1635"
(0.0716)
ETRi#did 0.1458*
(0.0786)
suB -0.0186
0.0170)
SUB#did 0.0445*
0.0219)
CSR -0.0050""
(0.0008)
CSRitdid 0.0027*
(0.0015)
Constant -6.8777" -5.7976" -7.1956"*
(0.6407) (1.8089) (0.6458)
Control variables YES YES YES
FirmFE YES YES YES
YearFE YES YES YES
GityFE YES YES YES
2 0.8004 0.8200 0.8022
N 9,234.0000 1980.0000 9,139.0000

The values in parentheses are the standard errors.
levels of 1%, 5%, and 10%, respectively.

**, **, and * represent significance
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Explanatory Variables

did 0.1542+ 0.1867*
(0.0334) (0.0391)
Constant 52512 -6.2536™
(0.7044) (0.8211)
Control variables YES YES
FimFE YES YES
YearFE YES YES
GityFE YES YES
2 0.8058 0.7615
N 6,898.0000 5,548.0000
The values in parentheses are the standard errors. ***, **, and * represent significance

levels of 1%, 5%, and 10%, respectively.
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Explanatory Variables

did
Constant

Control variables
FirmFE

YearFE

CityFE

2

N

The values in parentheses are the standard errors.

Explained
Variable: Gauthorization

)

0.1629"*
0.0291)
-2.8176""
0.5247)
YES
YES
YES
YES
0.8008
9,248.0000

and * represent significance levels of 1%, 5%, and 10%, respectivaly.

Explained
Variable: Greeninnovation

@

0.0899"
(0.0466)
—7.4360"*
(0.8442)
YES
YES
YES
YES
0.8219
6,285.0000
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Variables

ELE

Heating

Car use

Car energy use
Honeycomb briquet
Honeycomb briquet Q
Coal

Coal Q

LPG

LPG Q

Natural gas
Natural gas Q
Gas

Gas Q

Straw

Straw Q
Firewood
Firewood Q
Hsize

Age

Inc

Definition

Household's electricity consumption in 2014
Household Central heating energy consumption
Binary:1 = own a car, 0 = otherwise

Energy consumption for private car travel
Binary:1 = use Honeycomb briquet, 0 = otherwise
Household's Briquetting consumption in 2014
Binary:1 = use coal, 0 = otherwise

Household Coal consumption in 2014

Binary:1 = use LPG, 0 = otherwise
Household’s LPG consumption in 2014
Binary:1 = use natural gas, 0 = otherwise
Household's natural gas consumption in 2014
Binary:1 = use gas, 0 = otherwise

Household's gas consumption in 2014

Binary:1 = use straw, 0 = otherwise
Household's straw consumption in 2014
Binary:1 = use firewood, 0 = otherwise
Household's Firewood consumption in 2014
Housing unit size

Household head's age

Annual household income

Units

Person
Year
yuan/household

Mean

1,881.72
1,345.86
02
1,501.84
0.02
1,320.45
0.04
2,285.96
0.27
795.08
0.54
963.79
011
1,174.82
0.009
1,412.81
0.08
1990.10
267
50.81
96,145.9

Std. Deviation

1,454.5
684.93
0.4
855.57
0.14
1,390.21
0.19
2,121.19
0.44
3,504.72
0.5
4,921.29
0.26
9,261.01
0.1
1743.87
017
2,754.57
1.25
17.43
189,247.6
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Variables name

Log (Incleve)
Log (PoP)
Jan-Tem
Jul-Tem
Mono

Cons

Observations
R2

Note: OLS regression is indicated in parentheses for t-values; *,

Electricity

0.451*

(3.40)
0.045*

(1.95)

-0.002
(2.64)

-3.664

(-5.06)
54

0.1537

Heating

—1.172
(-139)
-0.130
(-0.75)

-0.077
(-251)

16.989"
(2.00)
23

Car

1,538
(1.96)
0.269
(1.55)

14.136™
(2.05)
-29.310
(-2.72)
54
0.4599

Total

0238
©0.13)
0.566"
(1.74)
-0.187"
(-5.62)

1.440

(0.08)
54

0.4181
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City

Shangrao
Fuyang
Zhangzhou
Zunyi
Xiangyang
Leshan
Huaihua
Nanjing
Luzhou
Meishan
Guiyang
Yingtan
Shaoyang
ChangZhou
Fuzhou
Zhoukou
Chenzhou
Xuzhou
Liuzhou
Anshun
Sanming
Lianyungang
Chongaing
Huzhou
Hangzhou
Jining
Huludao
TianJin
Ningbo
ShenZhen
Shangaiu
Ganzhou
Taiyuan
Shanghai
Heine
Tangshan
Jiin
Chaoyang
Changchun
Guangzhou
Wuzhong
Yan'an
Yuncheng
Tieing
Taian
Qitaihe
Wuhan
Beiing
Shenyang
Xining
Changzhi
Harbin
Handan
Qigihar
Mean

Electricity

125
0.58
094
1.65
121
1.38
1.04
151
1.09
165
119
12
178
15
181
172
175
167
154
1.63
224
115
194
097
131
19
151
187
152
172
1.29
171
145
1.99
1.62
144
184
114
167
212
11
091
149
115
137
1.68
167
194
167
147
206
161
1.89
172
152

Heating

2,04
2.77
2.06

&
3.82

5.44
4.06
1.96
35

3.78
37

3.25
4.54
3.41
3.64
6.21
28

3.86
3.65
5.15
4.05
4.25

6.32
3.76

Private
cars

0.35
27
231
167
294
231
275
268
191
298
28
279
2.82
3.02
348
3.64
4.54
4.66
49
459
368
4.63
4.06
361
5.82
326
2.88
3.37
5.89
5.32
3.92
387
212
476
073
122
3.82
353
3.02
5.74
41
3.92
276
3.18
395
2.02
6.23
419
3.26
5.09
353
392
3.44
3.99
3.49

LPG

0.56
0.23
04

027
0.06
0.28
0.44
0.06
0.69

0.64
0.32
0.22
0.57
02
0.44
0.16
0.15
0.36
0.46
0.75
0.43
0.46
245
0.04
0.09
0.21

0.36
0.46
0.32
229
0.59

0.19
08

0.79
0.26
0.98
0.19
0.06
0.16
021
0.79
0.33
267
112
247
0.64

266
0.06
0.48
0.61

Natural
gas

0.52

0.18
05
0.21
0.37
112
021
0.26
0.81
0.46
0.37

06
0.35
0.35

0.22
0.62
06
03
0.23
0.22
02
0.35

0.37

0.27
0.06
0.98
0.19
0.26
0.23
0.35
0.37
0.31

0.79
0.39
03
0.09

0.36
05
02

0.98
1.05

017

0.411

Gas

0.12

023
0.16

0.09

0.13

0.1

0.06

0.08
022

0.06

0.04

0.09
0.08

022

022
0.64

0.01

0.06

on
022
0.49
007
02

0.04
0.07
0.19
025
0.38
0.09

0.16

Honeycomb Coal
briquet
004
073
0.1
002
026
006
02
075
016
016
004 023
085
0.69
027
05
02
024
32
035
0.48 0.44

Note: Since the sample of households using firewood and straw is small, we only consider the use of conventional energy in urban households.

Total

2.84
3.52
3.65
4.32
4.38
4.47
4.67
478
4.81
4.83
4.89
5.25
5.38
5.46
5.49
6.52

6.8
6.83
6.85
6.94
6.97
7.05
7.06
7.38

7.4
7.55
7.57
7.74
7.85
7.87
8.02
8.14
8.32
8.37
8.37
8.54
8.64
8.78

9.21
9.25
93
9.56
9.59
106
10.61
10.97
11.12
11.65
12.08
12.37
12.74
12.84
12.86
7.74
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Dependent Ln (ELE) Ln
variable oLs (heating)
oLs
Lninc 0.119" 0.054*
(5.56) (1.67)
Age -0.0003 -0.0005
(-0.36) (-0.36)
Hsize 0070 0048
(4.85) @37
Constant 5718"" 6.813"
(18.91) (15.97)
ity fixed Yes Yes
effects
Observations 1,507 530
Significance 02175 0.2434
Dependent Variable Natural gas
ininc 0.315™"
(8.05)
Age 0.0004
0.29)
Hsize -0.086"™"
(-3.25)
constant -3.188"™"
(-7.03)

City fixed effects -
Observations
Significance

Lambda: -0.138

Note: OLS regreesion and Heckman's iwo-step method are indicated in parentheses for t-values and z-values, respectivaly;

Car use

0669
(11.78)
-0016"*
(-6.67)
01567
6.13)
-8.045"
(-12.07)

1,599
Rho: -0.612
Sigma: 0.797

Lambda:
-0.488

Natural gas Q

0.118
(0.89)

4.791"
(2.44)

851

Car use Q
briquet

-0.041
(-0.40)

-0.410™
(-5.06)
-0.004
(-0.96)

0.184**

@.58)
2.061*
(2.26)

8154
(6.80)

329 1599

Honeycomb

Rho: ~0.274
Sigma: 1.311

Lambda:

-0.359
Gas

0054
0.93)
0002
057
-0.075*
1.79)
—1.949"
(-2.90)

1,697
Rho: ~0.344
Sigma: 1.241
Lambda: -0.427

Gas Q

0.135
0.93)

4758
(1.53)

115

Honeycomb Coal Coal @ LPG LPGQ
briquet @

0.648* -0.377* 0.201 -0.165" 0.190*
(1.95) (0.34) 034) (-4.00) (1.64)

-0.0003 0.001

(-0.08) 0.62)

0.075 [: 5 ol

(1.63) (.10)

0.602 2123 5.133" 0.843" 3.908™
(0.19) (2.84) (1.65) (1.80) (4.02)
33 1,599 61 1,598 432
Rho: -0.006 Rho: -0.441
Sigma: Sigma:

1.369 1.588
Lambda: Lambda:

-0.009 -0.701

Straw Straw Q Firewood Firewood Q
-0.188 -0.773 -0.422" -0.683"
(-1.52) (~0.49) (-5.86) (-1.69)
-0.004 -0.001
(-0.62) (-0.31)
0.083 0.172"
©0.72) 3.78)
-0.404 -4.039 2234 10.310"*
(-0.28) (-0.21) ©2.76) 3.77)
1,598 10 1,508 46
Rho: 1.000 Rho: 0.748
Sigma: 6.881 Sigma: 2.343
Lambda: 6.882 Lambda: 1.752
and ™ are significant at 10%, 5%, and 1%, respectively.
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Variables

inclevel
POP
Mono
Jan Tem
Jun Tem

Definition

City average household income
City population

Polycentric index

Average temperature in January
Average temperature in July

Units
Yuan
1,000 persons.

c
‘c

Mean

55,656.01
2,763.67
0.9941913
2.44
26.69

Std. Deviation

13,661.88
3,639.55
0.0166
87
285

Min

38,318.25
215
09154
-225
18

Max

104,467.6
19,439
0.9999

16
31
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) @

Zombie -0.023" ~0.206"
(0.005) (0.054)
Polute 0.006 0.008
(0.006) (0.059)
Age 0000 0001
(0.000) (0.001)
Profitabilty 0.001 -0.079"
(0.002) (0.018)
PD -0.045" ~0.591"
(0.002) (0.023)
Urbanization 0023 0.206"
(0.002) 0.016)
Structure 0.037* ~0.374"
(0.006) (0.055)
Credit -0042+ -0.029
(0.002) (0.028)
Expenditure 0.185 0.828"
(0.008) (0.082)
Trade 0.108"* 2,472
0.012) (0.128)
FDI 0913 11.602
(0.098) (1.127)
Year FE YES YES
City FE YES YES
Industry FE YES YES
_cons 0603 12,081
(0.072) (1.000)
N 763,152 490,330
R® 0.036 0.038

Standard errors in parentheses: 'p < 0.1, *'p < 0.05,

@

-0.259""
(0.052)
—0.174"
(0.046)
0002
(0.000)
0,061
0.014)
0554
0018
0.208"*"
0.013)
-0.620"*
(0.045)
0.080"**
©.017)
0.824""
(0.064)
1.755"
(0.100)
10,450
(0.807)
YES
YES
YES
11.938"
(0.589)

763,152
0.056

< 0.01.

@

-0.933"
(0.064)
~0.095"
(0.046)
0.002**
(0.000)
~0.067""
(0.014)
-0.536"
0.018)
0.208""
0.013)
-0.728"
(0.046)
0.132
0.017)
0661
(0.064)
1.710"
(0.100)
11124
(0.808)
YES
YES
YES
11.754"
(0.588)

763,152
0.067
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) @

Zombie -0.309"" -0219"
(0.040) (0.043)
Pollute -0.177"
(0.046)
Age 0.001*
(0.000)
Profitabilty 0.025*
(0.013)
PD -0540""
0.018)
Urbanization 0.205™"
(0.013)
Structure -0.636"
(0.046)
Credit 0.089"
©0.017)
Expenditure 0.820"
(0.064)
Trade 1,733+
(0.100)
FDI 10.193"*
(0.808)
Year FE YES YES
Gity FE YES YES
industry FE YES YES
_cons 8.248™" 11854
(0.572) (0.588)
N 763,152 763,152
R? 0.050 0.056

Standard errors in parentheses: 'p < 0.1, *'p < 0.05,

@

-0.224"
(0.043)
-0.180"*
(0.046)
0002
(0.000)
-0.060"*
0.014)
0551
0.017)
0.206""
0.013)
-0.636"*
(0.045)
0084
©017)
0838
(0.063)
1.750"
(0.100)
10,522
(0.804)
YES
NO
NO
11,575
(0.124)

763,152
0.056

< 0.01.

@

-0.229"
(0.043)
~0.178"
(0.046)
0.002**
(0.000)
~0.061"
(0.014)
~0.550"
0.018)
0209
0.013)
-0637""
(0.046)
0.085*
0.017)
0.822*"
(0.064)
1.735"
(0.100)
10.431"
(0.806)
YES
YES
YES
11.915"
(0.589)

763,152
0.056
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Variable

Proportion of Zombie Enterprises
Pollute

Age
Profitabilty
PD
Urbanization
Structure
Credit
Expenciture
Trade

FDI

VIF

1.200
7.840
1.020
1.050
3.030
2.700
3.810
3.540
1.300
4.900
1.680





OPS/images/fenvs-10-896036/fenvs-10-896036-t002.jpg
Variable

investrment
Proportion of Zombie Enterprises
Pollute

Age
Profitabiity
PD
Urbanization
Structure
Crediit
Expenditure
Trade

FDI

Obs

763,152
763,152
763,152
763,152
763,152
763,152
763,152
763,152
763,152
763,152
763,152
763,152

Mean

0.2956
0.0477
0.306
9.894
0.0790
6.695
0.457
0.408
1217
0.130
0.121
0.0070

Std. Dev

0.1935
0.0387
0.209
8.208
0.132
0.500
0.234
0.0690
0.510
0.0530
0.0880
0.0030

Min

0.0013

-0173
5.231

0.234
0.455
0.0520
0.0040

Max

0.5198
0.693
209
0710
8.245
0.901
0.604
2578
0.283
0372
0.0240
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Level Two-digit industry

Top 3 Beverage manufacturing
Production and supply of gas
Production and supply of water

Bottom 3 Tobacco processing
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5 Shanghai 4.9240 13 Henan 7.7095 5 Hellongjiang 12.4795 13 Guizhou 19.7336
6 Chongaing 5.4303 14 Guangx  7.7609 6 Gansu 14.2102 14 Inner Mongolia ~ 28.7514
7 Jiangxi 56533 - - - 7 Liaoning 14.2747 15 Ningxia 31.3141
8 Beiing 56771 - - - 8 Hebei 14.9024 16 Shaxi 33.8554





OPS/images/fenvs-10-822811/crossmark.jpg
©

|





OPS/images/fenvs-10-822811/fenvs-10-822811-g001.gif





OPS/images/fenvs-10-822811/fenvs-10-822811-t004.jpg
Variables

it

cit
cfit

t
it

Control variables
prea fixed

Time fixed

R

Obs

Unvrecognizabe tests and weak instrumental variable tests

K-P 1k LM (p-value)
K-P ik Wald F (10%
threshold)

2ls Replacing proxy variables of factor mobility Replacing proxy variables of industry transer
) @ © @ © © o © ©
0.0036" (1.97) 00018 (2:16) 0.0017" (1.98)
00184 (-1.72) -00020" (-3.39) 00021 (-4.07)
-00001" (-202) -0.0008" (-2.09) -0.0001" (-1.70)
00009 (-069) 00043 (-1.39) -0.0000 (-0.94)
00220 (631) 00006 4.22) 00084 (830)
00001 (2.65) 00020" (228) 00001 (2.42)
-0.0496" (-1.74) 00604 (-3.98) 00552 (-2.71)
-0.0007" (-208) -0.0029" (-3.10) -0.0009" (-1.85)
-0.0017" (-2:16) -0.0005 (244) 00014 (-3.36
yes ves ves yes yes ves s yes yes
yes yes yes yes yes yes yes yes yes
yes yes ves yes yes ves yes yes yes
05560 06234 06093 05614 06052 05817
80 480 480 480 480 480 480 480 480
1213 00717) 360" (00048 958" (0.0020)
1031709 1810003 1579(7.09

Note: *, ** and, *** indicate that the statistical value is significant at the 10%, 5%, and 1% levels, respectively.





OPS/images/fenvs-10-822811/fenvs-10-822811-t005.jpg
Variable

Quantiles
10 30 50 70 20
00017 (1.15) 0.0017* (1.66) 00018 (2.16) 0.0018" (1.82) 0.0019 (1.23)
-0.0023" (-2.32) -0.0022" (-3.07) ~0.0020"* (-3.59) -0.0019"" (-2.72) ~0.0017 (~1.60)
-0.0001 (-0.92) -0.0001" (-2.07) ~0.0001** (-2.06) 00001 (-2.63) -0.0001 (-0.31)
~0.0019 (0.96) ~0,0017 (-1.25) -0.0016 (-1.36) ~0.0014 (~1.00) -0.0012 (-0.53)
00097 (5.18) 0.0100"** (7.74) 00103"** (9.40) 0.0106™ (7.96) 0.0110™ (5.21)
0.0001 (0.49) 0.0001" (1.85) 00001 (2.13) 0.0001** (2.05) 0.0001* (1.77)
-0.0281 (-0.82) ~0.0376 (~1.59) ~0.0467" (-2.40) -0.0556™ (-2.30) -0.0670" (-1.79)
-0.0020 (-0.99) -00017 (-1.28) ~00015™ (-2.26) ~0.0012" (-1.83) -0.0009" (-2.38)
-0.0018"" (-2.87) 00017 (-4.07) ~0.0017*** (-4.85) 00017 (-382) -0.0016 (-2.40)

** indicate that the statistical value is significant at the 10%, 5%, and 1% levels, respectively.





OPS/images/fenvs-10-822811/fenvs-10-822811-t002.jpg
Variables

ci
i
of

lit
cit

inv
ind
urban
fss
mier

LLC test ADF-Fisher test
Statistic p-value Statistic p-value
~7.5425"" 0.0000 109.0661*** 0.0001

7.4003" 0.0000 243.3205" 0.0000
-3.0062 00010 155.2880"" 0.0000
-3.1674" 0.0008 143.9007*"* 0.0000
-3.0554** 0.0011 147.5111* 0.0000
-4.1904" 0.0000 1333901 0.0000
38887 0.0001 147.0320"* 0.0000
22031 00109 147.0443" 0.0000
-7.4075" 0.0000 177.9160"* 0.0000
-4.8320"" 0.0000 147.2384" 0.0000
35233 0.0002 1383170 0.0000
-4.8004" 0.0000 1750018 0.0000
60502 0.0000 1871842 0.0000





OPS/images/fenvs-10-822811/fenvs-10-822811-t003.jpg
Variables [}

r 0.0016" (1.93)

it =

rit -

ef -

ot =

creit -

" =

it =

it -

0 0,039 (1.03)

4 ~0.1430" (-6.59)

nd 06008 (-5.44)

urban 06621 (-3.63)

~ 00272 (-3.38)

mier 0.0471 (1.27)

cons 10.4450™ (13.14)

pvea fixed yes

Time fixed yes

7 05444

Obs 480
Fvalue 7516

Note:

@

-0.0019"* (-3.26)

00413 (1.11)
~0.1684" (-7.29)
~0.6083" (-6.51)
-04231" (-2.39)
-0.0291" (-3.64)

00250 (0.68)

48604 (6.39)
yes
yes
05518
480
77.18m

)

00018" (2.12)
-0.0020"* (-3.43)
~0.0001" (-1.85)

00308 (0.82)
(-7.09)
(-5.78)
271
0206 (-3.71)
00361 (098)
53112 (6.64)
ves.
yes
05567
480
61.54

@

-0.0013 (-1.42)

00588 (1.53)

-06336™ (-3.49)
00253 (-3.11)
00313 (0.85)
10,1321 (13.22)
yes

yes
05426

480
75,00

and, ** indicate that the statistical vaiue is significant at the 10%, 5%, and 1% levels, respectivaly.

® ©
00015 (-1.64)
00085 @42 00105 959
- 00001 (2.44)
00868 (251) 01060 (3.01)
-0.1661" (-8.35)
~0.7157" (-6.97)

01961 (-1.17)  -03311" (-191)
00399 (-532)  -0.0364™ (-4.89)
0.0316 0.94) 00316 099)
44845 (640)  4.9563" (6.84)
yes yes
yes yes
06172 06240
480 480
10205 8131

00189
0.0547 (1.49)
101525 (13.51)

-357)

28)

05534

7842

-0.0046™ (-5.32)
0084 227)
-0.1535" (-7.29)
06848 (-6.24)
-04243" (-249)
00339 (-4.27)
0.0390 (1.09)
52884 (7.10)
yes

yes
05681

480
83.05"

-0.0472" (-2.34)
.0014" (-1.85)
~0.0017" (-4.34
00489 (1.33)
(640
X (-6.40
0,601 (-3.44
~0.0263" (-3.27
0.0602" (1.72)
62149 B37)
yes
yes
05949
480
7195






OPS/images/fenvs-10-892544/fenvs-10-892544-t005.jpg
Steps Chi-square Degrees of freedom Significance

1 5.316 8 0.732





OPS/images/fenvs-10-892544/fenvs-10-892544-t004.jpg
Step 1A

F1

F2

F3
Constant

-2.346
-2.962
3910
0.292

Standard error

0.930
1.059
3.688
0.569

Wald

6.365
7.818
1.124
0.264

Degrees of
freedom

Significance

0.012
0.005
0.008
0.289

Exp(B)

0.0958
0.0517
49.912
1.3395





OPS/images/fenvs-10-892544/fenvs-10-892544-t003.jpg
Ingredient

0.323
0.510
0.485
0.489
-0.287
-0.212
0.131

0.129

2

0.402
0.014
0.131
-0.153
0.495
0.415
0.573
0.229

-0.015
-0.147
-0.052
-0.126
-0.046
-0.262
-0.158
0.932





OPS/images/fenvs-10-896036/inline_1.gif
Investment s,





OPS/images/fenvs-10-892544/fenvs-10-892544-t002.jpg
Area

Qingdao
Jinan
Yantai
Weifang
Linyi

Jining
zibo

Heze
Dezhou
Weihai
Dongying
Tai'an
Binzhou
Liaocheng
Rizhao
Zaozhuang

DD2020

51.62
75.92
71.98
208.28
50.50
2221
73.93
84.27
1.09
17.87
151.13
33.10
105.40
21.84
35.37
1.10

P2020 (%)

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
13.79
0.00
0.00
0.00
0.00
0.00
0.00
13.57

DD2021

17.79
32.28
19.36
-21.58
-1567.05
-1.12
19.38
7.68
-23.13
-0.94
47.42
-31.41
-16.42
-5.78
10.07
-5.62

P2021 (%)

0.00
0.00
0.00
100.00
100.00
86.86
0.00
0.00
100.00
82.64
0.00
100.00
100.00
100.00
0.00
100.00

DD2022

22.06
42.96
35.95
56.66
-54.53
6.65
36.73
37.66
-6.94
8.10
67.97
-4.15
25.39
477
17.49
-2.62

P2022 (%)

0.00
0.00
0.00
0.00
100.00
0.00
0.00
0.00
100.00
0.00
0.00
100.00
0.00
0.00
0.00
99.56





OPS/images/fenvs-10-896036/fenvs-10-896036-t009.jpg
Dependent variable

Zombie
HHI

Control variables
Year FE

City FE

industry FE
_cons

N
R

Investment HHI Investment
U] @ (]
-0.229"* -0.119"* -0.230"*
(0.043) (0.013) 0.043)

-0.007*
(0.004)
YES YES YES
YES YES YES
YES YES YES
YES YES YES
11.916** -0.445* 11912
(0.589) 0.179) 0.589)
763,152 763,152 763,152
0.056 0.490 0.056

Standard errors in parentheses: "p < 0.1, *'p < 0.05, ***p < 0.01.





OPS/images/fenvs-10-1085266/crossmark.jpg
©

|





OPS/images/fenvs-10-892544/fenvs-10-892544-t001.jpg
Qingdao
Jinan
Yantai
Weitang
Linyi
Jining
Zibo
Heze
Dezhou
Weihai
Dongying
Tai'an
Binzhou
Liaocheng
Rizhao
Zaozhuang

Obs

cooanaaaaaanaaaaa

Mean

1,158.06
1,059.678
884.86
1,087.06
864.6
682.5
537.12
308.56
597.02
529.46
291.72
496.22
459.266
340.8
243.064
346.9

Std. dev.

2736542
132.1298
87.21991
119.3063
80.09894
105.5763
65.22505
108.427
43.01733
73.24863
40.87085
51.61199
37.31213
67.80353
37.84711
47.76494

Min

924
932.16
816.2
968.9
786.4
580
470.4
207.5
558.9
460.5
2498
4452
422
275.1
206.12
295

Max

1,681.7
1,228.9
1,025.3
1,263.9
987.2
8414
634
4746
665.6
640.1
351.3
5747
5175
4449
299.5
4154





OPS/images/fenvs-10-896036/fenvs-10-896036-t008.jpg
Dependent variable

Zombie
Carbon Emission

Control variables
Year FE

City FE

industry FE
_cons

N
R

Investment Carbon emission Investment
) @ ©®
-0.229** -0.128* -0.123**
(0.043) (0.001) (0.044)

0.829"*
(0.067)
YES YES YES
YES YES YES
YES YES YES
YES YES YES
11.915** 2.869"* 9.545"*
(0.589) (0.012) 0.619)
763,152 763,152 763,152
0.056 0.960 0.056

Standard errors in parentheses: "p < 0.1, *'p < 0.05, ***p < 0.01.





OPS/images/fenvs-10-892544/fenvs-10-892544-g002.gif
[ —





OPS/images/fenvs-10-896036/fenvs-10-896036-t007.jpg
Zombie

Control variables
Year FE

City FE

Industry FE
_cons

N
R

)

-0.180""
(0.067)
YES
YES
YES
YES
11.393
©0.714)

379,494
0.086

@

0.164
(0.072)
YES
YES
YES
YES
11.169"
(1.109)

383,658
0.022

®

-0.183""
(0.046)
YES
YES
YES
YES
11,503
(0.875)

732,497
0.056

Standard errors in parentheses: "p < 0.1, *'p < 0.05, ***p < 0.01.

@

0035
(0.150
YES
YES
YES
YES
0958
(3.247)

30,655
0.081





OPS/images/fenvs-10-892544/fenvs-10-892544-g001.gif
E‘:—e—"éf/;‘

S T -

S T S S

it e i . sl





OPS/images/fenvs-10-896036/fenvs-10-896036-t006.jpg
Investment

Zombie -22.146™"
(6.032)
Control Variables YES
Year FE YES
City FE YES
industry FE YES
_cons -7.548"
(3.649)
Cragg-Donald Wald F statistic 170010
Stock-Yogo weak ID test critical values (10%) 16.38
N 763,152
R® 0012

Standard errors in parentheses: "p < 0.1, 'p < 0.05, ***p < 0.01.





OPS/images/fenvs-10-896765/math_8.gif
Log(Car energy consumption|Car Ownership = 1)
= 0572 x Log (Inc) - 0.833 ®)





OPS/images/fenvs-10-896765/math_7.gif
Prob(Owing a car) = f(0.639 x Log (Inc) - 0.01 x Age
+0.205 x Hsize - 8.562). @)






OPS/images/fenvs-10-896765/math_6.gif
Log( ELEuungtiai)

113 x Log (Inc) - 0.001 x Age
+0.067 x Hsize + 5.864 6)





OPS/images/fenvs-10-896765/math_5.gif
Log (consum ption|consumption >0) = ¢, Log(Inc) +e  (5)





OPS/images/fenvs-10-896036/fenvs-10-896036-g004.gif





OPS/images/fenvs-10-896036/fenvs-10-896036-g003.gif





OPS/images/fenvs-10-896036/fenvs-10-896036-g002.gif





OPS/images/fenvs-10-896036/fenvs-10-896036-g001.gif





OPS/images/fenvs-10-896036/crossmark.jpg
©

|





OPS/images/fenvs-10-896765/math_9.gif
Total value of light brightness in the municipal area
Total value o light brightriess in the ity
©)






OPS/images/fenvs-10-892544/inline_18.gif
| ok





OPS/images/fenvs-10-927668/fenvs-10-927668-t004.jpg
Configuration Solution

4

PU ®
PEOU

SN .
BA .
PBC .
Consistency 0912
Raw Coverage 0.406
Unique Coverage 0.109
Overall solution consistency 0905
Overall solution coverage 0737

2 3
. .
. .
. .
.
.
0938 0945
0538 0558
0031 0051

0.938
0.546
0.039

®Core causal condition(presence). ®Peripheral causal condition(presence). ®Core

causal condition(absence). ePeripheral causal condition(absence). The biank cells

represent do not care conditions.





OPS/images/fenvs-10-892544/inline_17.gif
I





OPS/images/fenvs-10-927668/fenvs-10-927668-t003.jpg
Condition

PU
~PU
PEOU
~ PEOU
SN

~ SN
BA
~BA
PBC

~ PBC

Consistency

0.740
0.588
0.832
0562
0.820
0.560
0818
0.569
0815
0.582

Coverage

0.744
0.535
0.793
0.538
0.784
0.534
0.760
0.559
0.803
0.540





OPS/images/fenvs-10-892544/inline_16.gif
| &





OPS/images/fenvs-10-927668/fenvs-10-927668-t002.jpg
Hypothesis Effect
Main effects in the research model

H1 Direct

H2 Direct

H3 Direct

H4 Direct

Hda Direct

H5 Direct

Hb5a Direct
Post-hoc tests for the mediation of BA

Hda Indirect

Hba Indirect

0 <0.071:* =p < 0.05: N

Path

SN -> IAE
BA-> IAE
PBC -> IAE
PU -> IAE
PU -> BA
PEOU -> IAE
PEOU -> BA

PU -> BA-> IAE
PEOU -> BA-> IAE

D> 0.05.

Path coefficient

0.251
0.106
0.172
0.154
0.115
0297
0.497

0012
0.053

t-statistics

3.765
2.367
2.094
2.845
2179
3.851
9.085

1.603
2.290

p-value

0.000"*
0.033"
0.037"

0.000"**
0.036"

0.000""

0.000"*

0.108"°
0.034"

Decision

Accept
Accept
Accept
Accept
Accept
Accept
Accept

Rejected
Accept





OPS/images/fenvs-10-892544/inline_15.gif
| ok





OPS/images/fenvs-10-927668/fenvs-10-927668-t001.jpg
Constructs Composite Cronbach’s Average BA IAE PEOU PU PBC
Reliability Alpha variance
extracted
BA 0.857 0.777 0.599 0.774
IAE 0.945 0.931 0.743 0522 0.862
PEOU 0.906 0871 0.659 0.547 0.682 0.812
PU 0.940 0.905 0.840 0.332 0.473 0.436 0916
PBC 0.881 0.831 0.697 0.516 0.624 0.677 0.332 0.772
SN 0917 0.890 0.649 0.453 0.628 0.574 0.391 0.679

PU, Perceived Usefulness: PEOU, Perceived Ease of Use; SN, Subjective Norms: BA- Behavioral attitude; PBC, Perceptual Behavioral Control.

SN

0.806





OPS/images/fenvs-10-892544/inline_14.gif
| ok





OPS/images/fenvs-10-927668/fenvs-10-927668-g001.gif





OPS/images/fenvs-10-927668/crossmark.jpg
©

|





OPS/images/fenvs-10-896036/math_qu2.gif
Pollute = In( Wi+ 1)





OPS/images/fenvs-09-823536/inline_24.gif





OPS/images/fenvs-09-823536/inline_25.gif





OPS/images/fenvs-09-823536/inline_26.gif





OPS/images/fenvs-09-823536/inline_27.gif
DE;

i it





OPS/images/fenvs-09-823536/inline_20.gif





OPS/images/fenvs-09-823536/inline_21.gif





OPS/images/fenvs-09-823536/inline_22.gif





OPS/images/fenvs-09-823536/inline_23.gif





OPS/images/fenvs-09-823536/inline_19.gif





OPS/images/fenvs-09-823536/inline_2.gif
CETPj = treated; X period ;





OPS/images/fenvs-10-892544/inline_3.gif





OPS/images/fenvs-10-892544/inline_21.gif
| ok





OPS/images/fenvs-10-892544/inline_20.gif
I





OPS/images/fenvs-10-930322/fenvs-10-930322-g002.gif
o ey

i Comltt sy S

[ Rteis e vk i ey

ity s Sy ox Gt oy O o

Poser s






OPS/images/fenvs-10-892544/inline_2.gif





OPS/images/fenvs-10-930322/fenvs-10-930322-g001.gif





OPS/images/fenvs-10-892544/inline_19.gif
| &





OPS/images/fenvs-10-930322/crossmark.jpg
©

|





OPS/images/fenvs-10-892544/fenvs-10-892544-t009.jpg
Predicted Correct percentage%

default
0 1
Measured default 0 10 2 83.33
1 2 2 50

Overall percentage 75





OPS/images/fenvs-10-896036/inline_6.gif





OPS/images/fenvs-10-892544/fenvs-10-892544-t008.jpg
Predicted Correct percentage%

default
0 |
Measured default 0 6 1 85.71
1 5 4 44.44

Overall percentage 625





OPS/images/fenvs-10-896036/inline_5.gif





OPS/images/fenvs-10-892544/fenvs-10-892544-t007.jpg
Predicted Correct percentage%

default
0 1
Measured default 0 13 1 92.86
1 0 2 100

Overall percentage 9375





OPS/images/fenvs-10-896036/inline_4.gif





OPS/images/fenvs-10-892544/fenvs-10-892544-t006.jpg
Predicted Correct percentage%

default
0 1
Measured default 0 29 4 87.9
1 ¥ 8 533

Overall percentage 774





OPS/images/fenvs-10-896036/inline_3.gif





OPS/images/fenvs-10-896036/inline_2.gif





OPS/images/fenvs-10-896036/inline_10.gif





OPS/images/fenvs-09-823536/inline_34.gif





OPS/images/fenvs-09-823536/inline_35.gif





OPS/images/fenvs-09-823536/inline_36.gif





OPS/images/fenvs-09-823536/inline_30.gif





OPS/images/fenvs-09-823536/inline_31.gif





OPS/images/fenvs-09-823536/inline_32.gif





OPS/images/fenvs-09-823536/inline_33.gif





OPS/images/fenvs-09-823536/inline_28.gif
je (1,2,3)





OPS/images/fenvs-09-823536/inline_29.gif
max (DE )





OPS/images/fenvs-10-892544/inline_13.gif
I





OPS/images/fenvs-09-823536/inline_3.gif





OPS/images/fenvs-10-892544/inline_12.gif
I





OPS/images/fenvs-10-892544/inline_11.gif
| &





OPS/images/fenvs-10-896036/math_qu1.gif
Investment j = ao + pLombieq + ylontrolsa + 0,0 + 0.0
+8.D, 4 €70





OPS/images/fenvs-10-892544/inline_10.gif
| &





OPS/images/fenvs-10-896036/inline_9.gif





OPS/images/fenvs-10-892544/inline_1.gif





OPS/images/fenvs-10-896036/inline_8.gif
Control s





OPS/images/fenvs-10-892544/fenvs-10-892544-t010.jpg
Qingdao
Jinan
Yantai
Weifang
Linyi
Jining
Zibo
Heze
Dezhou
Weihai
Dongying
Tai'an
Binzhou
Liaocheng
Rizhao
Zaozhuang

2020

Safe
Safe
Safe
Safe
Safe
Safe
Safe
Safe
High risk
Safe
Safe
Safe
Safe
High risk
Safe
High risk

2021

Safe
Safe
Safe
Safe
High risk
Safe
Safe
High risk
High risk
High risk
Safe
Safe
Safe
Safe
Safe
High risk

2022

Safe
Safe
Safe
Safe
Safe
Safe
Safe
High risk
High risk
Safe
Safe
Safe
Safe
Safe
High risk
High risk





OPS/images/fenvs-10-896036/inline_7.gif





OPS/images/fenvs-10-857516/inline_2.gif





OPS/images/fenvs-10-901236/inline_14.gif





OPS/images/fenvs-10-930322/inline_176.gif





OPS/images/fenvs-10-857516/inline_13.gif





OPS/images/fenvs-10-901236/inline_13.gif





OPS/images/fenvs-10-930322/inline_175.gif





OPS/images/fenvs-10-857516/inline_12.gif





OPS/images/fenvs-10-901236/inline_12.gif





OPS/images/fenvs-10-930322/inline_17.gif
51,82, °





OPS/images/fenvs-10-857516/inline_11.gif





OPS/images/fenvs-10-901236/inline_11.gif





OPS/images/fenvs-10-930322/inline_16.gif





OPS/images/fenvs-10-857516/inline_10.gif





OPS/images/fenvs-10-901236/inline_10.gif





OPS/images/fenvs-10-930322/inline_15.gif





OPS/images/fenvs-10-901236/inline_1.gif





OPS/images/fenvs-10-930322/inline_14.gif
Ay, A, ey Ap,





OPS/images/fenvs-10-901236/crossmark.jpg
©

|





OPS/images/fenvs-10-930322/inline_13.gif





OPS/images/fenvs-10-930322/inline_12.gif





OPS/images/fenvs-10-930322/inline_11.gif





OPS/images/fenvs-09-823536/fenvs-09-823536-t008.jpg
Variables

periodizons x treated
periodzogs x treated
InCER

Control Variables
Year fixed effects
Area fixed effects
Cons

Obs

Adj R

not showr,

InGTI Invention patents Utility model patents
U] @ @ @ ®) ©)
0.080 (1.17) - 0.212 (0.98) - 0.114 (1.61) -
- 0.118 (1.48) - 0.246 (1.20) - 0.104 (1.56)
Yes Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes Yes
0370 (0.85) 0.377 (0.87) 0614 (0.75) 0.607 (0.74) -0.231 (-0.39) ~0.234 (-0.40)
3,598 3,598 2,758 2,758 3,633 3,533
0.9269 0.9271 0.8756 0.8760 09175 09177

* represent significance at the 10%, 5%, and 1% levels. T statistics in parentheses. Area fixed effects are clustered to prefectural-level cities. The coefficient of control variables is
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[t @ @ ) )
SETP 0.138" (1.89) 0.134" (1.83) 0.138" (1.89) 0.175" (2.25) 0037 (0.54)
TEC ~0.018 (-0.28) ~0.005 (-0.07) -0.010 (-0.15) -0.027 (-0.24) -0.122 (-1.24)
InCER No Yes Yes Yes Yes
Control variables No No Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes
Area fixed effects Yes Yes Yes Yes Yes
Cons 0.107 (0.74) 0.107 (0.74) 0380 (0.89) 0,639 (0.78) -0.225 (-0.38)
Obs 3,987 3,781 3,508 2,758 3,533
Adj P 09286 0.9269 09271 08757 09177

* represent significance at the 10%, 5%, and 1% levels.
not showr,

T statistics in parentheses. Area fixed effects are clustered to prefectural-level cities.

The coefficient of control variables is
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Variables

SETP
CETP
SETP«CETP
InCER

Control variables
Year fixed effects
Area fixed effects
Cons

Obs

Adj R

InGTI
) @ ®
0.085" (2.27) 0.096" (2.52) 0093 (2.41)
0.014 (0.24) 0.025 (0.41) 0.009 (0.14)
-0.005(-006)  -0010(-0.10)  -0.028 (-0.29)
No Yes Yes
No No Yes
Yes Yes Yes
Yes Yes Yes
0.007 (0.67) 0.097 (0.67) -0.488 (-0.86)
3,987 3781 3,557
09285 09268 09269

", **, ** represent significance at the 10%, 5%, and 1% levels. T statistics in parentheses.
Area fixed effects are clustered to prefectural-level cities.
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CETP
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Year fixed effects
Area fixed effects
Cons

Obs

Adj R

InGTI
Eastern Central Western Eastern Central Western
Regions Regions Regions Regions Regions Regions
™) @ ® @ ) [C]
0.332"* (6.20) 0.035 (0.58) 0.034 (0.28) - - -
= = =i -0.013 (-0.22) -0.091 (-1.02) 0.040 (0.13)
Yes Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes Yes
-3.211"* (-3.93) 1.134 (1.30) -2.101 (-0.66) -3.104™* (-3.74) 1.261 (1.44) —-2.246 (-0.71)
1,359 1,609 758 1,359 1,609 758
0.9449 0.8903 09103 0.9432 0.8903 0.9103

* represent significance at the 10%, 5%, and 1% levels. T statistics in parentheses. Area fixed effects are clustered to prefectural-level cities.
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CETP
InCER
Control variables
Year fixed effects
Area fixed effects
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Adj R?

Invention patents Utility model patents Invention patents Utility model patents
) @ @ @
0.144* (2.51) 0.090™ (2.28) =l -
= = 0.059 (0.85) 0.029 (0.57)
Yes Yes Yes Yes
Yes Yes Yes Yes
Yes Yes Yes Yes
Yes Yes Yes Yes
0.549 (0.68) -0.193 (-0.34) 0.547 (0.68) -0.180 (-0.31)
2,768 3,633 2,758 3,533
0.8758 0.9176 0.8755 0.9174

+ represent significance at the 10%, 5%, and 1% levels. T statistics in parentheses. Area fixed effects are clustered to prefectural-level cities.
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0.219"* (3.21) 0159 (1.57) 0.193 2.72) 0.239" (2.49)
0077 (1.14) 0.174* (1.83) 0.092 (1.30) 0.239" (2.50)
017" (1.72) 0.204" (2.18) 0.101 (1.42) 0.388"* (3.97)
0.178" (2.45) 0.285"* (2.91) 0.168" (2.23) 0.403"* (3.81)
0074 (1.08) 0.165" (1.81) 0.062 (0.88) 0.464* (4.76)
0084 (1.22) 0.174* (1.93) 0.086 (1.21) 0.546™ (5.63)
0136 (1.64) 0277 (2.56) 0.138 (1.59) 0485 (4.52)
0.394" (2.18) 0.267"* (2.69) 0.404* (2.16) 0.633"* (5.95)
Yes Yes Yes Yes
Yes Yes Yes Yes
Yes Yes Yes Yes
Yes Yes Yes Yes
-0419 (-0.76) 0490 (0.61) -0.211 (-037) -3.331"" (-4.12)
3557 2,758 3,633 1,359
09270 0.8762 09177 09465

+ represent significance at the 10%, 5%, and 1% levels. T statistics in parentheses. Area fixed effects are clustered to prefectural-level cities.
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invention
Utitty mode!
SETP
CETP
InCER
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GOV
InFDI

InRD

InFD

InGDP
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3987
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3,104
3,956
4,160
4,160
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4,157
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Average

3.352
5.766
-2.551
2.093
3.196
0.285
0.059
~1.481
-3.485
-1.900
-6.341
-3.901
9.486
10.438

Std. Dev.

1.828
1.840
0.454
1.706
1.781
0.451
0.235
1.746
0.926
0.579
1.397
1.310
1.407
0.794

Al variables are logarithmic (except the dunviy variables).

Max
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11.430
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1.408
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1.799
-0.965
-0.234
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Variables

SETP
Period

treated

InCER

Control variables
Year fixed effects
Avea fixed effects
Cons

Obs

Adj R

InGTI InTI InGDTI
™) @ ® @ ©®)
0.085™ (2.31) 0.095* (2.54) 0.091** (2.40) 0.028 (1.00) 0.027 (0.95)

3.045™* (67.10) 3.047*** (66.27) 2.765™* (12.09) 2,655 (16.02) 0.301* (1.78)
1.335"* (6.97) 1.326"* (6.92) 1.235" (6.88) 1.622*** (9.83) 0.342* (2.13)
No Yes Yes Yes Yes
No No Yes Yes Yes
Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes
0.096 (0.66) 0.095 (0.66) -0.404 (-0.73) 2.540™* (7.91) 2.209"* (7.01)
3,987 3,781 3,657 3,730 3,506
0.9285 0.9269 0.9269 0.9546 0.3154

+ represent significance at the 10%, 5%, and 1% levels. T statistics in parentheses. Area fixed effects are clustered to prefectural-level cities.
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treated
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Control variables
Year fixed effects
Avea fixed effects
Cons

Obs

Adj R

InGTI InTI InGDTI
™) @ ® @ ©®)
0010 (0.22) 0020 (0.42) 0,003 (0.07) -0.026 (-0.69) 0007 (0.18)
3,077 (7091) 3.079"" (58.38) 2767 (12.07) 2661 (16.03) 0.299* (1.76)
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No Yes Yes Yes Yes
No No Yes Yes Yes
Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes
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+ represent significance at the 10%, 5%, and 1% levels. T statistics in parentheses. Area fixed effects are clustered to prefectural-level cities.
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1982
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1986

1987

1901

1996-
1999

2002-
2003

2007

2014

2015

2017

Policy connotation

In the sixth five-year plan, the policy of “investing and building by the
state, enterprises, collectives, and individuals, and developing large,
medium and smallthermal power plants in a comprehensive manner”
was implemented in terms of finance, taxation, and plan management.
The central government has put forward the policy that the
development of the energy industry should be “lefted on electricity,
with active development of thermal power, the vigorous development
of hydropower, and focused, step-by-step construction of nuclear
power".

The “Temporary Reguiations on the Development of Small Thermal
Power” formulated the basic principles of coal-power linkage, hot spot
co-generation, and restricted development.

The policy of “separation of goverment and enterprises, the province
as an entity, joint power grid, unified dispatch, and pooiing of funds to
run electricity” was proposed and implemented, and the provinces
supported the small thermal power industry as a major econormic
growth point.

The Ministry of Energy has launched the policy of “replacing smallunits
with large ones”, ie. “replacing old units with high energy-consuming
and high-polluting low and medium voltage units with high-parameter
and large-capacity units".

The series of documents emphasize the strict requirements that *grid
enterprises shall not acqire power from power plants that should be
shut down, and that project approval and implementation shal be
carried out in accordance with the system of mutual finkage between
the renovation of old units and the shutdown of small thermal power
plants".

China separated the power generation assets from the grid and
established five major power generation companies and the State Grid
Corporation, forming a market pattern of “separation of plant and grid,
bidding for grid access, breaking monopoly and introducing
‘competition".

The central government emphasizes the comprehensive use of
‘economic, legal, and administrative means to create a fair compeitive
environment for allunits, reward closed enterprises and locaties, and
promote the elimination of backward small thermal power plants.
The “Action Plan for Upgrading and Renovation of Goal Power Energy
Saving and Emission Reduction (2014-2020)" puts forward ultra-low
emission requirements for coal-fired power plants at the national level
for the first time.

The "Work Plan for the Comprehensive Implementation of Uttra-Low
Emission and Energy-Saving Transformation of Coal-fired Power
Plants” provides specific implementation rules for the electricit price
subsidy, the hours of power generation utiization, the policy of halving
the collection of pollutant discharge fees, and financial credit support
for ultra-low emission coal-fired power generating units.

The “Opinions on Promoting Supply-side Structural Reform and
Preventing and Resolving the Risk of Overcapacity of Coal Power”
quides local power generation enterprises to further standarcize the
planning and construction of coal-fred sel-provided power plants
while resolving excess capacity of coal power.

Source: Collated from the offiial website of China's National Energy Administration
(ito-//www.nea.gov.crv) and Baiixing Power Grid (hitos:/ftech.bix.com.cry).
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2002

2004

2012

2015

2020

2022

Policy connotation

The coal pricing power and the distribution power of the usage
amount are controlled by the central government, and the model of
single pricing and unified rationing is implemented.

The power industry stil adopts a low-cost unified purchase model,
and only the coal required for unplanned power generation needs to
be purchased outside the system.

Most of the coal guide prices were canceled, and the two prices were
merged, but the disputes over coal power interests were intensified.
‘The coal guide price model was restored, and large companies in the
industry negotiated the next year's coal contract by means of an
order meeting according to the price increase set by the government.
The government announced the implementation of the dual-track
system of coal and electricity prices and canceled the policy of
quiding coal prices. However, the feed-in tarif is still dominated by
govemment administrative control and guidance.

The “Notice of the Opinions on Establishing a Coal-Power Price
Linkage Mechanism” stipulates that a coal-power price linkage cycle
shall be no less than 6 months. If the average coal price in the cycle
changes by 5% or more than the previous cydle, it will be adjusted
accordingly electricity price.

The “Guiding Opinions on Deepening the Reform of Thermal Coal
Markeization” adjusted the price linkage policy in 2004 in two
aspects: (1) The implementation period was adjusted from at least
6 months to 1 year; (2) The original 30% was adjusted to 10%.
The “Notice on Matters Relating to the Improvement of the Coal-
Power Price Linkage Mechanism’” stipulates the organizer, the point
of implementation, the interval linkage mechanism, the proportion of
coal price changes to be absorbed by power companies, and the
formula for caloulating the linkage.

The government decided to abolish the coal price linkage
mechanism. The existing benchmark feed-in tariff mechanism to
“benchmark price + up and down floating” market-based
mechanism.

The central government requires first to determine areasonable range
of coal to achieve the “upper limit of electricity and lower limit of coal".
Secondly, the price of coal and electricity within a reasonable range
should be effectively transmitted.

Source: Collated from the offiial website of China's National Energy Administration
(ito//www.nea.gov.cr) and Baiixing Power Grid (hitos:/ftech.bix.com.cry).
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indicate that the statistical value is significant at the 10%, 5%, and 1% levels, respectively.
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Variable
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Mean

0.0267
-0.0047
0.0403
-0.0344
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Std. Dev
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Max
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Region

Znejiang

Guangdong

Jiangxi

Guizhou

Xinjiang

Planned design program

“The pilot zone design should focus on green development, support the transformation and upgrading of industrial structure,
integrate the industrial chain as an entry point, accelerate the transformation and upgrading of the traditional chemnical
industry, and optimize the regional economic structure

“The pilot zone shouid support broadening financing channels through green industries, issuing green bonds for financing in
green recycling and low-carbon development, and steadily promoting the construction of an environmental equity trading
market.

The pilot zone needs to explore effective ways of financial support for ecological-economic development, buid a green
financial organization system, explore innovative credit products and financing models that support energy conservation and
emission reduction, clean energy, and other fields, and actively explore the poiicy effects of financial support for green
financial development

“The pilot zone needs to explore effective ways for green finance to guide the economic transformation and development of
less developed areas in the west and innovate agricultural green credit products to support moden urban agriculture,
organic and ecological agriculture, rural water conservancy project construction, agricultural production and sewage
treatment and other agricultural industry projects

“The pilot zone shouid combine the comparative advantages in agriculture, natural resources, clean energy resources,
energy-related high-end manufacturing, etc., and innovate wind power index insurance, major technology and equipment
insuranceetc.
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Driving factor

FDI (X7)
OPEN (X;)
PGDP (Xs)
TRA (X,)
INV (Xs)
INF (Xe)
ER (X7)
PD (Xg)

S Xo)

FIN (X;0)
RD (Xq1)
El (X;2)

2003 2019
Eastern Central Western Northeastern Eastern Central Western Northeastern
0.100 0066 0030 0341 0.189"(1) 0059 0378"(1) 0086
0.408"* 0056 0.006 0016 0.254"(1) 0.131(1) 0.109 0.334'(1)
0362 0605 0.185" 0659 0.692"(1) 0.508"" (1) 0.291"4(1) 0615"(1)
0695 0601 0707 0.579* 0.732°(1) 0.688"(1) 0.704"()) 0503"(1)
0075 0026 0085 0010 0.370(1) 0215 (1) 0025 0.142
0415 0390 0265 0.266 0.438"(1) 0321 (1) 0.225"() 0323
0058 0258 0.128" 0551 0.021 0035 0029 0056
0.221* 0.139™ 0.003 0.250 0.336"(1) 0.164*(1) 0177 0.244
0365 0123 0147 0192 0.323*(1) 0.240(1) 0.207(1) 0.204
0549 0460 0262 0.188 0.1534(1) 0.436" (1) 0.178" (1) 0.430
0334 0226 0253 0.410* 0.153"()) 0.150 0.330(1) 0353
0.225 0327 0.285" 0.168 0.070 0.010 0.040 0.029
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Driving factor

FDI (X;)
OPEN (X.)
PGDP (X)
TRA (X))
INV (Xs)
INF (Xe)
ER (X7)
PD (X)

S Xo)
FIN (X10)
RD (X;7)
E1 (Xi2)

2003

0.146™*
0.376*
0.380**
0.667***
0.030"
0447
0.095"*
0215
0.138"**
0.298
0.160**
0.135™*

PD

2019

0.073"*
0.247
0.561**
0.586**
0.138
0.365"*
0.003
0.325™*
0.158***
D27
0171
0.015

Effect direction

Note: *10% significance level (p < 0.1); ** 5% significance level (p < 0.05); ** 1%

significance level (p < 0.01).
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Year

2003
2011
2019

Note:

Moran’s | Z-score
0.087"* 3.880
0.043" 4.385
0.064** 6075

*+ 19 significance level (p < 0.01).

p-values

0.000
0.000
0.000
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Factor
variable

FDI (X;)
OPEN (X)
PGDP (X5)
TRA (X))
INV (Xs)

INF (X5)
ER ()

PD (Xs)
S (Xo)
FIN (X10)
RD (X11)

Bl (X12)

Variable definition

Foreign direct investment level
Trade openness

Economic development level
Transportation infrastructure
Investment scale

Informatization level
Environmental regulation

Population density
Industrial structure
Financial development level

Research and development
expense
Energy intensity

Data description

Foreign direct investment to GDP/%
Total volume of imports and exports to GDP/%
Per capita GDP in constant 2003 prices
Number of public cars/car

Per capita investment in fixed assets/Yuan

Internet comprehensive development index

Three waste treatment rates calculated by the entropy
method

Total population to areas/%

Tertiary GDP to GDP/Yuan

Balance of deposits and loans of financial institutions
to GDP/%

Technology investment to local financial
expenditure/%

Electricity consumption for industrial to GDP/%

Sources
of original data

China City Statistical Yearbook; Statistical Bureau of each
prefecture-level city
China City Statistical Yearbook

China City Statistical Yearbook; Statistical Bureau of each
prefecture-level city
China City Statistical Yearbook

Note: Three waste treatment rates refer to the ratios of industrial solid wastes, wastewater centralized treatment of sewage work comprehensively utilzed, and consumption waste

traatmant
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indicate that the statistical value is significant at the 10%, 5%, and 1% levels, respectively.
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indicate that the statistical value is significant at the 10%, 5%, and 1% levels, respectively.
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indicate that the statistical value is significant at the 10%, 5%, and 1% levels, respectively.
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Attribute Category Sample size Share (%)
Sample distributed by industry Food 8 4
Tobacco 10 5
Spin and weave 12 6
Leather 12 6
Woodworking 4 2
Furniture 6 3
Oil processing 12 6
Chemistry 16 8
Medicine 18 9
Rubber 14 7
Metal 14 7
Automobile 8 4
Household appliances 8 4
Communication 16 8
Instrument 8 4
Transportation equipment 8 4
Other 26 13
Sample distributed by region Northeast area 18 9
North China 28 14
Northwest area 30 15
Central and South China 28 14
East China 38 19
Southeast region 34 17
Southwest region 24 12
Sample distributed by personne! scale <200 people 28 14
201-400 people 34 17
401-600 people 44 22
601-800 people 36 18
801-1,000 people 30 15
>1,000 people 28 14
Sample distributed by time since established 1-2 years 2 13
3-4 years 30 15
5-6 years 40 20
7-8 years 38 19
9-10 years 34 17
>10 years 32 16
Sample distributed by fixed assets <10 million 32 16
10-20 million 34 17
20-30 milion 44 22
30-40 million 36 18
40-50 milion 28 14
>50 million 26 13
Sample distributed by profits <1 million 22 1
1-2 milion 32 16
2-3 milion 46 23
3-4 million 38 19
4-5 milion 36 18
>5 million 2 13
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Variable name

Independent variables

Environmental taxation
convenience
Environmental taxation rationlity

Environmental taxation faimess
Environmental taxation
transparency

Environmental taxation
compulsion

Common control variables

Scale of enterprise personnel

Scale of fixed assets

Establishment time of
enterprise

Binary control variables

Large-scale enterprise
Medium-sized enterprise
Small enterprise

Fully foreign-owned enterprise
State-owned enterprise
Private enterprise

Dependent variables

Green product innovation
Green process innovation

“Three wastes” treatment
innovation

Variable
symbol

b

ap
tm

|

S

dx

LIFx Y

my

Isex1

Iscx2

Isex3

Variation
coefficient

B
B
Bs

Bs

a
a
a

”n
Y2

A

Variable connotation

Cognition of convenience and simpiicity of environmental taxation by manufacturing enterprises

Cognition of the reasonableness and compliance of environmental taxation by manufacturing
enterprises

Cognition of the fairmess and equality of environmental taxation by manufacturing enterprises
Cognition of the quality of environmental tax information disclosure by manufacturing
enterprises

Cognition of the authority and enforcement of environmental taxation by manufacturing
enterprises

Personnel scale grade of manufacturing enterprises
Scale grade of fixed assets of manufacturing enterprises
Differences in the estabiishment date of manufacturing enterprises

Basic variable
Binary variable (1 for a medium-sized enterprise; O otherwise)
Binary variable (1 for small enterprise; 0 otherwise)

Basic variable

Binary variable (1 for a state-owned enterprise; 0 otherwise)
Binary variable (1 for a private enterprise; O otherwise)

Enterprises’ product consumption has continuously evolved and improved in ecological
maintenance, environmental protection, and green initiatives

The production process of enterprises has continuously evolved and improved in energy saving
and emission reduction, cleaner production, and process upgrading

Enterprises constantly evolve and improve technological innovation and mode transformation,
and gain experience regarding waste water, waste gas, and waste residue discharge
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post; x treatedzois xAEqQuity;
AEquity;

post, x treated;zo1s x OCS;
ocs

post; x treated;o1s x Large;
Large

cons
Firm Control

Province Control

Year Fixed Effects
Province FEx tt Trend
Industry FEx tt Trend
Firm Fixed Effects

AR
N

Note: The standard errors are reported in parentheses. *,

regression.

Gl (1)

0.0334* (0.0149)
0.0293"" (0.0080)

4.4613"* (0.6550)
YES
YES
YES
YES
YES
YES

0.1720
10,427

Gl (2 GI (3

1.1450"" (0.2554)
03478 (0.0759)

-0.2230 (0.1729)
0.0877 (0.0944)
40456 (05227) 0.0449 (3.0489)
YES YES
YES YES
YES YES
YES YES
YES YES
YES YES
0.1679 06759
12,338 12,252

*** represent significance at 10, 5, and 1% confidence levels, respectively. Control variables are consistent with the baseline
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post;  treated; s x Size
post; x treated, o5 x property
post, x treatedzo1s x industry
post; x treatedzo1s x development
cons

Firm Control

Province Control

Year Fixed Effects

Province FEx tt Trend
Indlustry FEx tt Trend

Firm Fixed Effects

AR
N

Note: The standard errors are reported in parentheses, clustered by firm. *, **,

with the baseline regression.

Gl (1)

0.1791*** (0.0448)

-0.5341 (2.9695)
YES
YES
YES
YES
YES
YES

0.6792
12,602

Gl (2

02112 (0.0550)

~1.1534 (3.5498)
YES
YES
YES
YES
YES
YES

0.7000
9,493

Gl )

0.0632*** (0.0126)

-0.9910 (2.9974)
YES
YES
YES
YES
YES
YES

0.6804
12,251

Gl @)

0.1413"** (0.0394)
06009 (2.9758)
YES
YES
YES
YES
YES
YES

0.6791
12,602

represent significance at 10, 5, and 1% confidence levels, respectively. Control variables are consistent





OPS/images/fenvs-10-880527/inline_27.gif





OPS/images/fenvs-10-894085/math_2.gif
Vu= iﬂ,nu(::zom.nn,xn,,q,nu @






OPS/images/fenvs-10-864335/fenvs-10-864335-t006.jpg
Green Green utility model

invention patent (1) patent (2)
post; x treated; 2015 0.1762* (0.0707) 0.1538"* (0.0373)
cons -3.2097 (2.2449) -0.0159 (2.9680)
Firm Control YES YES
Province Control YES YES

Year Fixed Effects YES YES
Province FEx tt Trend YES YES
Industry FEx tt Trend YES YES

Firm Fixed Effects YES YES
AR 0.0321 06792

N 12,713 12,602

Note: The standard errors are reported in parentheses, clustered by firm. *, **, ***

represent significance at 10, 5, and 1% confidence levels, respectively. Control variables
are consistent with the baseline regression.
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City

Beiing
Shanghai
Shenzhen
Hangzhou

Suzhou
Guangzhou
Nanjing
Ningbo
Chengdu
Wuxi
Changsha
Wuhan
Shaoxing
Tianjin
Hefei
Chongaing
Taizhou
Xiamen
Fuzhou

Changzhou

Qingdao
Yantai
Jiaxing

Xian
Foshan
Nantong
Dongguan

Shantou
Urumai
Jinan
Jinhua

Zhengzhou

Harbin
Zhuhai

Huzhou
Dalian

Kunming

Changchun
Weifang
Shenyang

Zibo

Wenzhou

Zhongshan
Guiyang
Nanchang
Lanzhou

Taiyuan
Shijazhuang
Lhasa
Quanzhou
Wuhu

Province (Municipality)

Beiing
Shanghai
Guangdong
Zhejiang
Jiangsu
Guangdong
Jiangsu
Zhefiang
Sichuan
Jiangsu
Hunan
Hubei
Zhejiang
Tianjin
Anhui
Chongaing
Zhefiang
Fujian
Fujan
Jiangsu
Shandong
Shandong
Zhejiang
Shaanxi
Guangdong
Jiangsu
Guangdong
Guangdong
Xinjiang
Shandong
Zhefiang
Henan
Hellongjiang
Guangdong
Zhefiang
Liaoning
Yunnan
Jiin
Shandong
Liaoning
Shandong
Zhefiang
Guangdong
Guizhou
Jiangxi
Gansu
Sharxi
Hebei
Tibet
Fujian
Anhui

Number of Listed Companies

375
322
322
154
134
14
%4
9
88
86
69
63
61
59
55
55
52
52
a7
45
42
4
]
40
39
35
34
32
32
31
30
30
29
28
26
2
25
25
24
23
23
23
21
20
20
20
18
17
17
16
16
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(U] @ [€) @ ®) ®
GDP_ELE GDP_ELE GDP_ELE GDP_ELE GDP_ELE GDP_ELE
did 30.18" 33,64 8.920" 6748 3581 30,141
(3.626) (3.744) (0.816) (0975) (4.082) (4.154)
S 0.115" 017 0.146" 0221 0172
(0.0570) (0.0695) (0.0695) 0.0613) 0.0708)
Scld -0.502"" 0550 -0528"" -0.470"
(0.0722) (0.0722) (0.0758) (0.0760)
PATENT 00247 00156 0.0279" 00168
(0.00274) (0.00280) (0.00296) (0.00274)
PATENT did -0.0189"" -0.0107"* -0.0228" -0.0128™
(0.00259) (0.00253) (0.00281) (0.00251)
FD 0532 -0.551 -0.559
(0.358) (0.358) (0.358)
sct 1205 124.0° 124.4°
(74.39) (74.75) (74.64)
R&D 6334 4262 4251
(1.568) (1.525) (1523)
POPU_DEN 53.50 -14.38 2066
@7.91) (@4.97) 45.51)
MOD 0614 0500 0.491
(0.338) (0.349) (0.342)
SCALE 5566 4616 4770
(1.261) (1.259) (1.260)
Obsenvations 2945 2486 2899 2465 2898 2465
R 0511 0561 0525 0567 0528 0568
Adjusted R 0472 0517 0.486 0523 0.490 0524
Year FE YES YES YES YES YES YES
City FE YES YES YES YES YES YES

Standard errors in parentheses.
*0 < 0.1, **p < 0.05, ***p < 0.01
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Q)] @ ® @ ®)
GDP_ELE GDPELE GDPELE GDPELE GDP_ELE

dic 2852 1980° 2434 2581 3411
(1.059)  (1.190)  (0967)  (0.970)  (1.109)
D —0421%  -0497"  -0.498"  -0.643"
©0.172)  (0240)  (0.241)  (0.362)

sct 2058 29.77 7931
(@9.40) (3965 (70.99)

R&D 0341 -0419  -0341
0965 (0976)  (1.139)
POPU_DEN -9806  -1328"
©001) (7100
MOD -000204  -0.0499
©172)  (0192)
S 0.185"
(0.0769)

SCALE 1.703
(1.439)

Obsenvations 2863 2863 2863 2831 2415

R? 0535 0542 0542 0542 0570

Adusted R 0.496 0508 0503 0.502 0525

Year FE YES YES YES YES YES

City FE YES YES YES YES YES

Stancard errors in parentheses.
" < 0.1, *p < 0.05, ***p < 0.01.
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POPU_DEN

SCALE

Observations.

Adjusted R
Year FE

City FE

Exclude 1%

Exclude 5%

[U) @ ® @
GDPELE ~ GDPELE  GDPELE  GDP_ELE
4.087" 4139 3134 3200
(0.728) 0.761) (0.447) (0.501)

-0.113 0.00432

(0.0727) (0.0288)

-16.30 -10.04

24.82) (8.951)
-0.111 0628

0.563) (0.415)
1.937 11.56

@3.14) (28.46)

00858 00794

0.109) (0.0893)

0206 0111

(0.0607) (0.0307)
0969 0699

0.952) (0.638)
2886 2432 2649 2242
0728 0782 0779 0810
0705 0759 0759 0788
YES YES YES YES
YES YES YES YES

Standard errors in parentheses.
" < 0.1, *p < 0.05,

<0.01.
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Variables

did
constant

Controls
Firm FE
Year FE
Obs

7

Notes: Standard erors in parenthesis are clustered at the firm fevel.
 significant at 5% level, * significant at 10% level.

level,

InEl

SOE Non-SOE
All sample All sample Large and medium Small
[U] @ ®) @
-0.078" -0025 -0.052" -0.0002
(0.045) (0.020) (0.030) (0.028)
3888 5300 3883 5701
(0.742) (0.306) (0.505) (0.402)
Yes Yes Yes Yes
Yes Yes Yes Yes
Yes Yes Yes Yes
81990 435821 159102 276719
0129 0096 0.091 0084

significant at 1%
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Variables

did

constant

Controls
Firm FE
Year FE
Obs

R

InEl
High-tech Mid-tech Low-tech Heavy-pollution Mild-pollution
[V} @ @ @ ®)
-0.198"" -0.072** 0057 -0.035* -0.060
(0.057) (0.027) 0.027) (0.021) 0.037)
4843 5519 4459 5.249" 3696
0.917) (0.398) (0.442) (0.309) (0.672)
Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes
41612 285403 186163 407732 110079
0173 0002 0.106 0.105 0092

Notes: Standard errors in parenthesis are clustered at the firm level. *** significant at 1% level, ** significant at 5% level, * significant at 10% level.
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Variables

did
constant

Controls
Firm FE

Year FE
noustry-year FE
City-year FE
indlustry-county FE
Obs

et

Notes: Standard emors in parenthesis ane clusterad at the indusiry level in column (1)~(3). * signiicant at 1% level, ™ sionificant at 5% level, * significant at 10% Jevel.

InEl

)

-0.041*
(0.022)
4,990
(0.318)
YES
YES
YES
NO
NO
NO
517811
0.103

@

-0.040*
0.021)
4400
©0471)
YES
YES
NO
YES
NO
NO
517811
0111

®

-0.139**
(0.030)
0.513*
(0.168)
YES
NO
NO
YES
YES
YES
515094
0.628

@

-0.040"
(0.018)
5012
(0:279)
YES
YES
YES
NO
NO
NO
516187
0.103

©®)

-0.077**
0.024)
2539
0.503)
YES
YES
YES
NO
NO
NO
156774
0.113

©)

~0.074"
(0.021)
3.176™
(0.411)
YES
YES
YES
NO
NO
NO
226519
0.111
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Variables InEl
(U] @ ©® @ ®)
cid -0041% 0041 -0.041% ~0.076"
0.018) (©.018) (0.018) (0.029)
clct2 -0.039"
0.015)
inputtariff 0.007* 0.007"*
0.003) (0.003)
outputtarift  0.001 0.001
0.001) (0.001)
josoeshare 0.041 0051
(0.030) (0.030)
constant 4905" 4988 4808 4995™ 2999
0281) (0.280) (0281) 0279 (0.334)
Controls YES YES YES YES YES
Firm FE YES YES YES YES YES
Year FE YES YES YES YES YES
Obs 516674 516674 516674 517811 378869
R 0.103 0103 0.108 0103 0066

Notes: Standard errors in parenthesis are clustered at the firm level. *** significant at 1%
level, ** significant at 5% level, * significant at 10% level.
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Variable

InEl

Age®
InSize
Inki

InGDP_pc

HHI
Ex_share

Definition

See Eqs 2,3
Lifespan of the firm
Squared term of age

Total fixed assets

Capital to labor ratio

Real GDP per capita of city
Agglomeration Index of city
Herfindahl Index of industry
Export share of industry

528989
528181
528181
526523
522015
528339
527264
528989
528989

Mean

-0.862
16.030
438640
10016
4194
9914
2256.094
0.014
0.202

SD

2472
13.478
716.533
1.663
1.208
0.875
3873.868
0.019
0.164
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Variables

InSize
Ik
INGDP_pc
EG

HHI
Ex_share
Constant
Firm FE
Year FE

Obs
R

Notes: Standard errors in parenthesis are clustered at the firm level.

InEIl IncODI
m @ ® @ ®)
0040 0040  -0041"  -0041"  -0045"
(©0.018) 0.018) (©0.018) 0.018) (0.021)
0130 0428 0427 0.116™
(0.009) (0.009) (0.009) ©.011)
0001 0001 -0.001"*  -0001**
0.000) (0.000) (0.000) (0.000)
-0353™  -0.350""  -0.350""  -0.387""
(0.008) (0.008) (0.008) (0.007)
0225 0226™ 0226  0260"
(0.004) (0.004) (0.004) (0.005)
-0.478"  -0.180"*  -0.127*
(0.015) 0015) 0.019)
0000 0000  0.000"*
(0.000) (0.000) (0.000)
0680 0747
(0.234) (0.290)
-0345™ 0384
(0.049) (0.062)
0092 1672 4898  4990™ 2539
0.019) (0.089) 0278) (0279 (0.373)
YES YES YES YES YES
YES YES YES YES YES
528989 519481 517811 517811 405004
0076 0.102 0.103 0.103 0085

level, ** significant at 5% level, * significant at 10% level.

significant at 1%





OPS/images/fenvs-10-919600/fenvs-10-919600-g004.gif





OPS/images/fenvs-10-919600/inline_1.gif





OPS/images/fenvs-10-864335/inline_15.gif





OPS/images/fenvs-10-919600/fenvs-10-919600-t007.jpg
Variables

did

constant

Controls
Firm FE
Year FE
Obs

R

InEl

Upgraded province
U]

-0.041
(0.088)
4064
(0.467)
YES
YES
YES
212175
0.854

Ungrad province
@

0,037
0.014)
5173
0.401)
YES
YES
YES
363328
0845

Provincial
©

0.027*
0.013)
4,007
(0.369)
YES
YES
YES
399387
0845

Notes: Standard errors in parenthesis are clustered at the firm level. *** significant at 1% level, ** significant at 5% level, * significant at 10% level.

National
@

-0.182"
(0.036)
3922
(0.461)
YES
YES
YES
234662
0.865
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Variables InEE BE DPS
(U] @ ®
dic 0043 -19.628" 0.430"
(0.022) 2.939) (0.205)
constant -0617" ~104.195 6555
(0.333) (78.499) (6.093)
Controls YES YES YES
Firm FE YES YES YES
Year FE YES YES YES
Obs 266234 517811 436191
- 0094 0008 0.008

Notes: Standard errors in parenthesis are clustered at the firm level.

level, ** significant at 5% level, * significant at 10% level.

significant at 1%
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[U) @ ® @ ®)
GDP_CO, GDP_CO, GDP_CO, GDP_CO, GDP_CO,
did 23.77 22.65" 20.48" 1437 14.99"
(1.952) (1.939) (1.811) (1.508) (1.486)
FD ~0.497"" ~0.248" -0.224"" -0.182"
(0.0680) (0.0563) (0.0541) (0.0535)
sct -9184" 9243 -89.07"**
(12.71) (12.89) (16.46)
R&D 5602 5204 5608
(1.327) 0.970) (1.049)
POPU_DEN 1591.9" 1531.9"
@15.7) (352.3)
MOD -0.418" -0.261
(0.246) (0222)
S 0361
(0.0465)
SCALE -3.816"
(1.630)
Observations 3020 3020 3020 2088 2557
R 0875 0879 0884 0907 0922
Adjusted A 0864 0869 0874 0899 0915
Year FE YES YES YES YES YES
City FE YES YES YES YES YES

Standard errors in parentheses.
" < 0.1, *p < 0.05, **p < 0.01.
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™) @ ®) @ ®)
GDP_ELE GDP_ELE GDP ELE GDP ELE GDP_ELE

did 3.542 2,609 3052 3.000" 3.650"
(1.012) (1.160) (0.923) (0.935) (1.084)
D -0423"  -0496"  -0496"  -0634"
©.171) (0.239) (0.240) (0.360)
sci 2850 28.38 7712
(39.13) (39.30) (70.50)
RED -0290  -0.316 -0.214
(0.953) (0.974) (1.133)
POPU_DEN -8.181 -2191
(38.51) (48.61)
MOD -00197  -0.0567
(0.170) (©0.191)
s 0.184"
(0.0755)
SCALE 0910
(1.399)
Observations 2946 2946 2946 2914 2486
R 0539 0546 0.547 0.547 0574
Adjusted A? 0501 0.508 0.508 0507 0530
Year FE YES YES YES YES YES
Gity FE YES YES YES YES YES

Standard errors in parentheses.
0 < 0.1, *p < 0.05, **p < 0.01.





OPS/images/fenvs-10-880527/inline_2.gif





OPS/images/fenvs-10-894085/fenvs-10-894085-t003.jpg
Variable

GDP_ELE
FD

CO»

SCI

R&D
POPU_DEN
MOD

IS

SCALE
PATENT

Treatment group Control group
Obs  Mean  Std.Dev. Obs Mean Std. Dev.
635 236465 180807 2311 19.7856 249310
644 146967 74732 2376 164440  10.9468
644 509280 347591 2380 200029 145375
644 00319 00247 2376 00736 00636
644 98367 12142 2380 8099 08179
644 00745 00426 2380 00397 00250
633 08053 03560 2359 07500 08025
643 483112 86859 2376 529100 120518
552 79234 08528 2040 63485  0.8493
644 7308820 12836012 2332 531385 87.4848
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Variable

GDP_ELE
FD

CO-

SCI

R&D

SCALE
PATENT

Obs

2046
3020
3024
3020
3024
3024
2992
3019
2592
2976

Mean

206178
16.0714
26.5888
0.0647
8.4696
0.0471
0.7617
51.9305
6.6839
199.8007

Std. Dev.

23.6735
10.3285
241589
0.0601
1.1602
0.0829
0.7315
11.5713
1.0669
663.3420

Min

1.1489
05914
15293
0.0000
4.6052
0.0021
0.1065

16.8900

29444
1.0000

Max

545.5433
112.0208
230.7117
0.6901
13.4441
0.2648
24.5734
90.3800
9.8412
1.41e+04
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Variables

Fiscal decentralization

Scientific and technological level
Research and development level
Population Density

Urbanization

Industrial structure

Economies of scale level

Total Green Patent

Definitions

The proportion of the fiscal revenue of a city in total GDP, unit: 100%

A city's science and technology expenditure as a proportion of the regional GDP, unit: %

The logarithm of the number of employees in the research and development sector

The ratio of the total population at year-end divided by administrative land area, unit: 10k/km

The proportion of the population in a municipal district at the end of the year in total population, unit: %

The proportion of secondary industries in total GDP, unit: %

“The logarithm of the number of industrial enterprises above scale

‘The sum of the authorized quantity of all green patents (inclucing invention patent, utiity model patent, and design patent





OPS/images/fenvs-10-880527/inline_17.gif





OPS/images/fenvs-10-894085/fenvs-10-894085-g007.gif
P

erterares foaL Aroan 0TS S0 25818





OPS/images/fenvs-10-880527/inline_16.gif





OPS/images/fenvs-10-894085/fenvs-10-894085-g006.gif
0

Dot 3 ez cuton paii posz poss posa poss pous





OPS/images/fenvs-10-880527/inline_15.gif





OPS/images/fenvs-10-894085/fenvs-10-894085-g005.gif





OPS/images/fenvs-10-894085/fenvs-10-894085-g004.gif
Y B P T e,






OPS/images/fenvs-10-894085/fenvs-10-894085-g003.gif
A Chrien, DIaEios SARMTE of NSt Sere

[
ot oy e o





OPS/images/fenvs-10-930322/inline_8.gif





OPS/images/fenvs-10-930322/inline_9.gif





OPS/images/fenvs-10-930322/inline_6.gif





OPS/images/fenvs-10-930322/inline_7.gif





OPS/images/fenvs-10-930322/inline_4.gif
O 12





OPS/images/fenvs-10-930322/inline_5.gif
G = N, 1O0tien, S, P





OPS/images/fenvs-10-919600/fenvs-10-919600-g002.gif





OPS/images/fenvs-10-919600/fenvs-10-919600-g003.gif





OPS/images/fenvs-10-919600/crossmark.jpg
©

|





OPS/images/fenvs-10-880527/inline_23.gif
Vii = Vir 20U





OPS/images/fenvs-10-919600/fenvs-10-919600-g001.gif





OPS/images/fenvs-10-864335/inline_33.gif





OPS/images/fenvs-10-864335/inline_32.gif
Ppl





OPS/images/fenvs-10-864335/inline_31.gif





OPS/images/fenvs-10-880527/math_14.gif
(14





OPS/images/fenvs-10-864335/inline_30.gif





OPS/images/fenvs-10-880527/math_13.gif





OPS/images/fenvs-10-864335/inline_3.gif





OPS/images/fenvs-10-880527/math_12.gif
(12)





OPS/images/fenvs-10-864335/inline_29.gif





OPS/images/fenvs-10-880527/math_11.gif
(1)





OPS/images/fenvs-10-864335/inline_28.gif
(;reen





OPS/images/fenvs-10-880527/math_10.gif
(10)






OPS/images/fenvs-10-864335/inline_27.gif





OPS/images/fenvs-10-880527/math_1.gif
Gi=9)3-7)

[0





OPS/images/fenvs-10-864335/inline_26.gif
Ppl





OPS/images/fenvs-10-880527/inline_9.gif
G:





OPS/images/fenvs-10-864335/inline_25.gif





OPS/images/fenvs-10-880527/inline_8.gif





OPS/images/fenvs-10-880527/inline_7.gif
G:





OPS/images/fenvs-10-880527/inline_6.gif
G:





OPS/images/fenvs-10-864335/inline_23.gif





OPS/images/fenvs-10-864335/inline_22.gif





OPS/images/fenvs-10-880527/inline_5.gif





OPS/images/fenvs-10-864335/inline_21.gif





OPS/images/fenvs-10-880527/inline_40.gif





OPS/images/fenvs-10-864335/inline_20.gif





OPS/images/fenvs-10-880527/inline_4.gif





OPS/images/fenvs-10-874865/math_qu1.gif
sexl = Py + Py0j + Pyl + Pogp + Ptm + Pqz + arry + @92
sy, sy

+higy+Amy +u





OPS/images/fenvs-10-864335/inline_2.gif





OPS/images/fenvs-10-880527/inline_39.gif





OPS/images/fenvs-10-874865/inline_80.gif





OPS/images/fenvs-10-864335/inline_19.gif
Size





OPS/images/fenvs-10-880527/inline_38.gif





OPS/images/fenvs-10-874865/inline_79.gif





OPS/images/fenvs-10-864335/inline_18.gif
B,





OPS/images/fenvs-10-880527/inline_37.gif





OPS/images/fenvs-10-874865/inline_78.gif





OPS/images/fenvs-10-864335/inline_17.gif
Cit





OPS/images/fenvs-10-880527/inline_36.gif





OPS/images/fenvs-10-874865/inline_77.gif





OPS/images/fenvs-10-864335/inline_16.gif
Yt





OPS/images/fenvs-10-880527/inline_35.gif





OPS/images/fenvs-10-874865/inline_76.gif





OPS/images/fenvs-10-880527/inline_34.gif





OPS/images/fenvs-10-874865/inline_75.gif





OPS/images/fenvs-10-880527/inline_33.gif





OPS/images/fenvs-10-874865/fenvs-10-874865-t005.jpg
Independent variables

Environmental tax convenience (5)
Environmental tax rationaity ()
Faimess of environmental taxation (gp)
Environmental tax transparency (tm)
Mandatory environmental taxation (qz2)

Common control variables

Enterprise personnel size (1)
Scale of fixed assets (g2)
Enterprise estabiishment time ()

Binary control variables

Large enterprises (d)
Medium enterprises (2x)
Small business ()
Foreign-funded enterprises (wz)
State-owned enterprises (gy)
Private enterprises (my)
Statistics
R?
p-value (overall significance leve)

Notes: *p < 0.05:

Green technology innovation (Iscx)

Green product innovation
(1sex1)

0.15*
0.24™
0.18*
0.14
0.24™

-0.24*
0.31**
0.25"

0.13*
-0.07

-0.18"
-0.07

0.65

< 0.01: **p < 0.007: N = 200.

Green process innovation “Three wastes” treatment

(Iscx2) innovation (Iscx3)
017" 007
0.33"* 007
0.13 0.05
0.06 007
026 0.29"*
-0.19" -0.27*
0.23" 0.09
0.08 007
0.12* 0.09
-0.08 -0.03
-0.19" -0.07
-0.14* -0.04
0.59 0.55
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Green technology innovation (Iscx)

Green product innovation Green process innovation “Three wastes” treatment
(1sex1) (Isex2) innovation (Iscx3)
Independent variables
Environmental tax convenience (b)) 0.17* 0.19* 007
Environmental tax rationalty (1) 0.26" 031 007
Faimess of environmental taxation (gp) 0.16* o1 006
Environmental tax transparency (tm) 0.12 008 005
Mandatory environmental taxation (qz) 022+ 0.25" 027"
Gommon control variables
Enterprise personnel size (1y) -028" -0.17* -0.28"
Scale of fixed assets (g2) 034" 021+ 008
Enterprise establishment time (5)) 0.26™ 007 006
Binary control variables
Large enterprises (dx)
Medium enterprises (2x) 0.12* 0.13* 008
Small business (x1) -0.06 -0.08 -0.02
Foreign-funded enterprises (wz)
State-owned enterprises (gy) -0.16* -0.17* -0.06
Private enterprises (my) -0.08 -0.13* -003
Statistics
R? 0.64 0.58 053
AR 0.02 001 002
R? after adjustment 0.66 0.59 055
F-value atter adjustment 102.34 99.87 1192
p-value (overall significance level) - -
Notes: p < 0.05: **p < 0.01: **p < 0.001: N = 200.
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9

<R3

9z
S/
x
gy
my

Notes: "p < 0.05: *'p < 0.01: **p < 0.00;

bj

1.00
0.02
0.12*
0.00
0.06
0.07
0.03
0.00
0.09"
0.08
0.00
0.04

hi

1.00
0.05
0.07
0.14*
0.00
0.02
0.05
0.07
0.06
0.15™
0.00

ap

1.00

0.39"*

0.19*
0.03
0.01
0.00
0.07
0.04
0.08
0.06

200.

1.00
0.16*
0.00
0.03
0.06
0.00
0.00
011"
0.02

1.00
0.06
0.04
0.03
0.00
0.06
0.16*
0.00

1.00
0.00
0.06
0.04
0.03
047"
0.08

9z

1.00
0.06
0.00
0.02
013"
0.06

si

1.00
007
0.00
0.41*
0.08

1.00
0.00
0.08
0.04

XX

1.00
0.09
0.16™

ay

1.00
0.00

my

1.00
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Variable Types

Explained
variables

Explanatory
variables
Control variables

Variable
Symbol

Greeninnovation
Gauthorization

did

Lev
Cost
disclosure

Growth
Profit
Asset
1SO

media

Definition

Green patents appiications
Green patent authorization

did

Financial leverage
Sales expense
Environmental protection
information disclosure
Sustainable growth rate
Net profit

Total assets

Environmental management
certification

Media attention

Measure

Logarithm of number of green patents applications plus one
Logarithm of number of green patent authorization plus one (robust
test)

11t belongs to the manufacturing industry and was established after
2015, otherwise 0

Asset-liability ratio of enterprise

Logarithm of sales expense growth rate

Environmental protection concept, environmental protection goals
and other disclosure in the annual report and CSR report of enterprise
Logarithm of sustainable growth rate of enterprise

Logarithm of net profit of enterprise

Logarithm of total assets of enterprise

Whether the company has obtained ISO14000 certification

Total number reported by newspapers and online media

29513
20513

20513

20513
18000
25000

27000
17000
20513
25000

28000

Mean

0.812
1812

0.359

0.425
-1.685
1.349

2971
-1.001
2221
0211

3429

Sd

1.149
1.149

0.480

0.216
1.301
1.768

1.039
1.524
1.500
0.408

1,100
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Explanatory Variables Explained Variable: Greer

U] @
did 0.0445" 0.1375"*
(0.0176) (0.0354)
Lev 0.0491
(0.0992)
Cost -0.0099
(0.0070)
disciosure 00176
(0.0084)
Growth 00177
(0.0125)
Proft -0.0055
(0.0063)
Asset 03437
(0.0287)
SO 00123
(0.0295)
media 0.1144
(0.2449)
Constant 0.8000" -6.9283""
(0.0074) (0.6395)
FirmFE YES YES
YearFE YES YES
CityFE YES YES
2 07152 0.8004
N 29100.0000 9,248.0000
The values in parentheses are the standard errors. ***, *', and * represent significance

levels of 1%, 5%, and 10%, respectively.
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National

Eastern

Central

Western

Statistic 1,

219.34
11821
66.27
24.38
12.23
5.46

Assumed values r

None™
<1
<2
<3
<4
<5

Statistic 5,

132.61
563.27
21.72

8.16

Assumed values r

Nong
<1
zor

<3

Statistic

316.21

234.48

180.63
95.90

66.47

32.26

2111
12.32
857

Assumed values r

None™
<1
<2
<8
<4
<5"
<6"
<7t

<8

Statistic 7,

148.42
66.51
34.13
11.58

6.23

Assumed values r

None’
£T™
<2
<3
<4

* (*) represents rejecting the null hypothesis when the significance is 5% (1%). The lag order is ascertained according to AIC, and SC., The results are calculated with Eviews6.0.
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Region ADF test value
of first-order difference

Beiing -4.181

Tianjin -3.985

Hebei -3.481

Liaoning -750

Shandong -4.948

Shanghai -4611

Jiangsu -3.820

Zhejiang -3570

Fujian -5.625

Guangdong —4.427

Guangxi -3.847

Hainan -4.604

Shanxi -3.882

Inner Mongolia -4.115

Jiin -5.086

Test type (c,t.a)

€02
€0,1)
€0.3)
0,1)
€02
©0.3)
(€0.1)
©03)
(€02
©0.3)
©0.3)
©0,1)
0,1)
©0.3)
03)

Conclusion

11
1
11
1
1M
1
1M
11
4]
11
1
1
1
11
1M

Region

Heilongjiang
Anhui
Jiangxi
Henan
Hubei
Hunan
Shaanxi
Gansu
Qinghai
Ningxia
Chongging
Sichuan
Yunnan
Guizhou

ADF test value
of first-order difference

-3.703
-4.937

-4.772
156
-4.432
-56.201
-3.858
-4.160
-5.064
-4.092
-3.807
-4.684
-3.762

Test type (c,t,0)

€02
€02
©02)
€02
(¢0.3)
©0.1)
€02
€0.3)
(€0.2)
€0.3)
(€0.2)
(€0.3)
€02
€0,2)

Conclusion

1)
X0}
1y
1
1)
1y
1)
1)
1)
1)
1)
1y
1)
X0}

The results of this table are calculated by Eviews.0. Here, ¢ and t represent the existence of a constant term and trend term, respectively; q refers to lag order, selected according to AIC,

and SC: and the critical significance values of 5 and 1% are respectively -3.478 and -3.837.
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Region year TGR

Eastern Central Western
1999 1 0.695 0.627
2000 1 0.692 0.638
2001 1 0.736 0.636
2002 1 0.761 0.652
2003 1 0.790 0.691
2004 1 0.788 0.686
2005 | 0.801 0.713
2006 1 0812 0.744
2007 1 0.828 0.736
2008 1 0.833 0.763
2009 1 0.869 0.803
2010 1 0.873 0.775
2011 1 0875 0.776
2012 1 0.890 0.738
2013 1 0802 0.712
2014 1 0893 0.716
2015 1 0916 0.669
2016 1 0912 0.624
2017 1 0.904 0.682
2018 1 o911 0.653
Ave 1 0834 0.702
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Region

Eastern

Central

Western

Province

Bejjing
Tianjin
Hebei
Liaoning
Shandong
Shanghai
Jangsu
Zhejiang
Fujian
Guangdong
Guangxi
Heinan

Shanxi

Inner Mongolia
Jiin
Heilongjiang
Anhi

Jiangxi

Henan

Hubei

Hunan

Shaanxi
Gansu
Qinghai
Ningxia
Chongaing
Sichuan
Yunnan
Guizhou

Regional frontier

‘Common frontier

Min

0.523
0.401
0.362
0.391
0.39%6
0.497
0.428
0.407
0.484
0.562
0.164
0.105

0.431
0.230
0.424
0.413
0.368
0.352
0.398
0.451
0.430

0.423
0.141
0.118
0.121
0.387
0.417
0.270
0.205

Max

1.000
0.832
0.704
0.711
0.763
1.000
0962
0.892
0876
1.000
0.568
0.422

0.763
0.892
0.772
0.758
0.832
0.794
1.000
1.000
0874

1.000
0503
0.466
0397
1.000
0.862
0533
0.486

Ave

0.843
0.671
0.580
0.546
0.659
0.926
0.769
0.731
0.708
0.903
0.326
0.264

0.693
0.705
0.672
0.676
0.663
0.680
0.822
0.837
0.729

0.862
0.304
0.232
0.293
0.875
0.844
0.416
0.373

SD

0.131
0.236
0.197
0.178
0.210
0.098
0.204
0.231
0.138
0115
0.186
0.104

0.121
0.286
0117
0.114
0.132
0.185
0.203
0.176
0.150

0.124
0.106
0.109
0.112
0.242
0.183
0.137
0115

Min

0.623
0.401
0.362
0.391
0.396
0.637
0.428
0.407
0.484
0.662
0.164
0.105

0331
0.196
0321
0.302
0.294
0.285
0.302
0.328
0.331

0.369
0.107
0.094
0.103
0.305
0.371
0.186
0.152

Max

1.000
0.832
0.704
0.711
0.763
1.000
0.962
0.892
0.876
1.000
0.518
0.422

0.632
0.765
0.708
0.702
0.641
0.603
0.721
0.740
0.688

0.809
0.461
0.375
0.306
0.847
0.713
0.427
0.381

Ave

0.843
0.671
0.580
0.546
0.659
0.926
0.769
0.731
0.708
0.903
0.326
0.264

0512
0.568
0.535
0.526
0.497
0.505
0.605
0613
0.610

0.698
0.226
0.197
0.223
0.710
0.642
0313
0.238

sD

0.131
0.236
0.197
0.178
0.210
0.106
0.204
0.231
0.138
0.115
0.186
0.104

0.115
0.192
0.102
0.107
0.118
0.116
0.163
0.130
0.124

0.142
0.093
0.094
0.089
0.195
0.122
0.087
0.094
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Region

Whole country

Eastern region

Central region

Western region

Variable

R and D capital: 10,000 CNY
Rand D personnet: persons
Patent applications: pieces
Sales revenue of new products:

R and D capital: 10,000 CNY
Rand D personnet: persons
Patent applications: pieces
Sales revenue of new products:

R and D capital: 10,000 CNY
Rand D personnel: persons
Patent applications: pieces
Sales revenue of new products:

R and D capital: 10,000 ONY
R and D personnet: persons
Patent applications: pieces
Sales revenue of new products:

10,000 CNY

10,000 CNY

10,000 CNY

10,000 CNY

Max

3542256.26
224334
45449
15145569.30

3542255.26
224334
45449
16145669.30

247,828.21
22073
3182

845071.14

367,289.73
22021
5054

1306237.22

Ave

123074.37
6521
839

656560.15

269647.34
12710
2043

1654441.25

38023.13
3087
252
126374.12

61553.41
3767
224
187366.26

SD

194631.16
10241.53
2106.33
948132.62

489427.7
27345.51
5686.536
2316484

40968.58
3279.30
522.78

147636.30

94838.51
5067.55
526.68

289403.9





OPS/images/fenvs-10-864335/inline_60.gif
post; X treated;ps X property





OPS/images/fenvs-10-857516/fenvs-10-857516-g002.gif
ITIIIIIIYIIIIIIIIIIM





OPS/images/fenvs-10-864335/inline_6.gif





OPS/images/fenvs-10-857516/fenvs-10-857516-g001.gif
Avceage ianovalion efficicocy wader tegional faticr ~ Average inaovadion efficiency undee Conmo (Foatier





OPS/images/fenvs-10-857516/crossmark.jpg
©

|





OPS/images/fenvs-10-880527/math_9.gif
YW,






OPS/images/fenvs-10-930322/inline_272.gif
312





OPS/images/fenvs-10-930322/inline_273.gif





OPS/images/fenvs-10-930322/inline_270.gif
310





OPS/images/fenvs-10-930322/inline_271.gif
310





OPS/images/fenvs-10-930322/inline_278.gif
312





OPS/images/fenvs-10-930322/inline_28.gif





OPS/images/fenvs-10-930322/inline_276.gif
312





OPS/images/fenvs-10-930322/inline_277.gif
310





OPS/images/fenvs-10-930322/inline_274.gif
310





OPS/images/fenvs-10-930322/inline_275.gif
310





OPS/images/fenvs-10-930322/inline_195.gif





OPS/images/fenvs-10-829851/crossmark.jpg
©

|





OPS/images/fenvs-10-930322/inline_193.gif





OPS/images/fenvs-10-907311/math_qu7.gif





OPS/images/fenvs-10-841205/fenvs-10-841205-t003.jpg
H1
H2
H3
H4.
H5
H6
H7
H8.

Green recruitment and selection — pro-environmental psychological capital
Green training and development — pro-environmental psychological capital

Green performance management — pro-environmental psychological capital

Green empowerment — pro-environmental psychological capital

Pro-environmental psychological capital — psychological green climate

Psychological green climate — pro-environmental behavior

Pro-environmental behavior — environmental performance

Pro-environmental behavior x environmental consciousness — environmental performance

Beta

-0.112
0.266
0.182
0.398
0.425
0.325
0.387
0.184

S.D

0.052
0.057
0.049
0.044
0.045
0.045
0.042

0.06

t-value

217
4.673
3.727
9.087
9.346

7.24
9.198
3.667

L

-0.214

0.153
0.085
0.309
0.333
0.223
0.308
0.08

uL

-0.019
0372
0.269
0475
0511
0411
0.472
0.282

Decision

Not supported
Supported
Supported
Supported
Supported
Supported
Supported
Supported





OPS/images/fenvs-10-930322/inline_194.gif





OPS/images/fenvs-10-841205/fenvs-10-841205-t002.jpg
EC
EP
GE
GPM
GRS
GTD
PEB
PEPC
PGC

EC

0.612
0.536
0.637
0317
0.502
0.493
0.679
0.621

e

0.801
0.5624
0502
0.573
0.527
0.734
0.499

GE

0.432
0.485
0.581
0472
0.596
0.459

GPM

GRS

GTD

0.389
0.591
0683

PEB

0.608
0.348

PEPC

PGC





OPS/images/fenvs-10-841205/fenvs-10-841205-t001.jpg
Constructs

Environmental performance

Pro-environmental behaviors:

Psychological green cimate

Pro-environmental psychological capital

Green recruitment and selection

Green training and development

Green performance management

Green empowerment

Environmental consciousness

Items

EP1
EP2
EP3
EP4
EPS

PEB1
PEB3
PEB6

PGC1
PGC2
PGC4
PGCs

PEPC1
PEPC2
PEPC3
PEPC4

GRS1
GRS2
GRS3

GTD1
GTD2
GTD3

GPM1
GPM2
GPM3

GE1
GE2
GE3
GE4
GES

EC1
EC2
EC3
EC4

Loadings

0.808
0.885
0.848
0.898
0.826

0.947
0.981
0.949

0.808

0.848

0.826
0.9

0.867
0.713
0.894
0913

0.85
0.932
0916

0.856
0.885
0.886

0.881
0.93
0.888

0.904
0.927
0.895
0.795
0.846

0.873
0.547
0.638
0.717

rho_A

0.911

0.856

0.901

0.867

0.898

0.849

0.888

0.932

0.714

CR

0.931

0.872

0.91

0912

0.928

0.908

0.928

0.942

0.792

AVE

0.729

0.62

0.716

0.723

0.81

0.767

0.81

0.765

0.501





OPS/images/fenvs-10-841205/fenvs-10-841205-g003.gif





OPS/images/fenvs-10-841205/fenvs-10-841205-g002.gif





OPS/images/fenvs-10-841205/fenvs-10-841205-g001.gif





OPS/images/fenvs-10-841205/crossmark.jpg
©

|





OPS/images/fenvs-10-864335/math_4.gif
Glis = @g + @, post, x treatedizps X OCS;; + ¢,005:,
+ Y wCon, +y, +u + [0





OPS/images/fenvs-10-864335/math_3.gif
Glis

Po+ Py post: X treated;zos X AEquityi, + 9, A5quit Y,y
+Y w0 Comy +y, + p, + €sn [&






OPS/images/fenvs-10-829851/fenvs-10-829851-t001.jpg
Input variables

Expected output
Unexpected
output

Variable

Labor input

Capital investment
Energy input

Land investment
Economic value
Environmental
poltion

Abbreviation

Lab

Cap
En

La

GDP
Wa

Sd
Se

Unit
Ten thousand people

Hundred million yuan
Ten thousand tons of
coal

Square kiometers
hundred million yuan
Ten thousand tons

Ton
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Industrial sulfur dioxide emissions
Industrial soot emission

Source

China Urban Statistics Yearbooks

China Urban Statistics Yearbooks
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China Urban Statistics Yearbooks
China Urban Statistics Yearbooks
China Urban Statistics Yearbooks

China Urban Statistics Yearbooks
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%
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per capita GDP

Number of resident populations per unit of administrative area

Proportion of added value of secondary and tertiary industries in GDP

Expenditure on science and technology/General government
expenditure
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‘Yearbooks

China Urban Statistics
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