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As the world’s largest developing country and the largest carbon emitter, China

must consider economic growth and carbon emission reduction in

development. Therefore, improving carbon productivity is an important goal

of China at present. At the same time, China’s foreign capital inflow has always

been at the forefront of the world, and foreign direct investment (FDI) has had

various impacts on China’s carbon productivity. Based on the panel data of

25 provinces in China from 2007 to 2019, this paper uses a spatial econometric

model to study the difference in the impact of FDI on China’s carbon

productivity under different entry modes. The study found that: when FDI

enters China in the mode of joint ventures, there is a positive spatial

spillover effect, which is conducive to improving China’s carbon

productivity; while when FDI enters China in the mode of wholly foreign-

owned enterprises, there is a negative spatial spillover effect, which will inhibit

the improvement of China’s carbon productivity. Therefore, when introducing

foreign capital, the Chinese government should formulate differentiated foreign

investment policies according to the different entry modes of FDI, and

encourage more FDI to enter China in the mode of joint ventures.
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1 Introduction

Since China’s reform and opening up in 1978, with the attraction of the low labor

cost, good development prospects, and the policy of attracting investment, a large

amount of foreign capital has been pouring into China with a yearly increasing trend (As

shown in Figure 1). When FDI enters China, it will comprehensively consider its

development strategy and China’s policy environment to choose different entry modes.

There are two main entry modes: joint venture and wholly foreign-owned enterprises

(Wei et al., 2005). When FDI entered China, it has produced a significant positive
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spillover effect by promoting the transfer of advanced

technology and knowledge, which has greatly promoted the

improvement of the productivity of local Chinese enterprises

(Abraham et al., 2010), thus injecting a strong impetus into

China’s economic growth (Zeng and Zhou, 2021). Since the

spillover effect of FDI depends to a large extent on the choice of

FDI entry mode (Tian et al., 2015), when FDI enters China in

different modes, it will have different effects on economic

growth (Jin et al., 2016). At the same time, the entry of FDI

has also led to significant carbon emissions (Yu and Xu, 2019).

China faces great pressure and heavy tasks to reduce carbon

emissions as the world’s largest energy consumer and carbon

emitter (Li and Zhou, 2019). In October 2021, the State Council

of China issued the Action Plan for Carbon Peaking by 2030,

which clearly stated that by 2025, carbon dioxide emissions per

unit of GDP would drop by 18% compared with 2020, laying a

solid foundation for achieving carbon peaking. By 2030, carbon

dioxide emissions per unit of GDP will be reduced by more than

65% compared with 2005, and the goal of peaking carbon

emissions by 2030 is expected. These goals put forward

higher requirements for China’s low-carbon economy. China

is still a developing country, and its economic development must

move forward steadily. Therefore, the Chinese government must

coordinate the relationship between economic development and

carbon emission reduction (Bao and Fang, 2013) and strive to

achieve energy saving and emission reduction without

sacrificing economic development (Gazheli et al., 2016). As

carbon productivity is an indicator of coordinating economic

development and carbon emission reduction (Li et al., 2018),

China needs to improve the level of carbon productivity.

Therefore, this paper is devoted to exploring the differences

in the impact of FDI on China’s carbon productivity under

different entry modes to find the most favourable entry mode for

China’s carbon productivity improvement and put forward

relevant policy recommendations accordingly. In this way,

China can make better use of the advantages of a large

amount of FDI and a stable growth trend so that FDI can

better serve China’s high-quality economic development.

2 Literature review

2.1 Carbon productivity

Carbon productivity represents the gross domestic product

ratio to carbon dioxide emissions in a certain period (Kaya and

Yokobori, 1997) and it is the core concept for evaluating low-

carbon economic development (Shen et al., 2021). The research

on carbon productivity in academia mainly focuses on

identifying the driving factors of carbon productivity. Lu et al.

(2015) used the Logarithmic Mean Divisia Index (LMDI)

decomposition model to study and found that economic

output, provincial carbon productivity, and energy structure

are the most important factors affecting China’s carbon

productivity. Liu and Zhang (2021) found that industrial

agglomeration and carbon productivity have an inverted “U”-

shaped relationship, and technological innovation plays an

important role in determining the “inflection point”. Research

by Li et al. (2018) found that after 2010, the transformation of

economic development mode and the substantial increase in

green investment led to a rapid increase in China’s total carbon

productivity.

Due to differences in samples andmethods, different scholars

have come to conflicting conclusions on whether the same factors

positively or negatively impact carbon productivity. Li andWang

(2019) found that per capita GDP, technological level, trade

openness and foreign direct investment positively impact China’s

carbon productivity, while energy consumption structure,

industrial structure, and urbanization level negatively impact

China’s carbon productivity. Regarding the impact of industrial

structure on carbon productivity, Niu et al. (2021) came to the

opposite conclusion that industrial structure is the factor that

FIGURE 1
China’s FDI growth from 1983 to 2020.
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promotes carbon productivity. In addition, Long et al. (2016)

found that per capita GDP negatively impacts carbon

productivity. This is also contrary to the conclusion of Li and

Wang (2019). It can be seen that carbon productivity is affected

by many factors, and the specific impact of some factors on

carbon productivity is still controversial.

2.2 Different foreign direct investment
entry modes

Choosing an entry mode is an important part of a

multinational company’s strategy, directly related to the

investment risk, control rights, and income distribution of

multinational companies. Since the reform and opening up,

with the continuous expansion of the openness of China’s

market and the constant changes in foreign investment

policies, more multinational companies have chosen to enter

China through wholly foreign-owned enterprises (Puck et al.,

2009). The academic research on FDI entry mode mainly

includes two aspects. The first aspect is to study the factors

that affect the choice of FDI entry mode. The analysis result of

Shen and Puig (2018) shows that the entry mode of foreign

investors considers conditions that vary among countries and

within the host economy and place. Cui and Jiang (2009) argue

that a Chinese firm’s FDI entry mode choice is primarily

influenced by the variables related to the firm’s strategic fit in

the hosting industry and its strategic intent of conducting FDI.

Chung et al. (2016) found that the institutional pressure exerted

by the home government has a significant impact on the decision

of FDI entry mode. However, for enterprises with less resource

dependence and more institutional freedom, institutional

government pressure has a weaker impact on the choice of

FDI entry mode.

The second aspect is to study the difference in the impact of

FDI under different entry modes. Through systematic research,

Javorcik and Spatareanu (2008) found that, under different entry

modes, there are significant differences between the intra-

industry and inter-industry spillover effects of FDI. Konwar

et al. (2015) examined the spillover effects of FDI under

different entry modes. They found that the spillover effect of

majority foreign-owned joint ventures is greater than that of

wholly-owned subsidiaries and minority foreign-owned venture

FDI. Jin et al. (2016) conducted an empirical study and found

that joint ventures mainly promote China’s economic growth

through spillover effects. In addition, wholly foreign-owned

enterprises mainly promote China’s economic growth through

their competitive advantages. The joint venture has a greater

impact on China’s economic growth than wholly foreign-owned

enterprises. When FDI enters through different modes, its impact

on the host country varies greatly. Therefore, it is reasonable to

study the impact of FDI on carbon productivity from the

perspective of different entry modes.

2.3 Foreign direct investment and carbon
productivity

Studying the relationship between FDI and carbon emissions

is the foundation for studying the relationship between FDI and

carbon productivity. Academia generally believes that FDI has

both positive and negative effects on carbon emissions,

corresponding to two hypotheses: the “Pollution Heaven

Hypothesis” and the “Pollution Halo Hypothesis”.

The “Pollution Heaven Hypothesis” believes that due to the

weak environmental supervision of the host country, some

pollution-intensive enterprises will be transferred from other

countries to the host country through FDI, resulting in a

substantial increase in carbon emissions. Liu et al. (2021)

found that FDI increased China’s carbon emissions by

examining the role of FDI in China’s carbon neutrality goal.

Nasir et al. (2019) study concluded that in the ASEAN-5

countries, FDI would increase carbon emissions, which

supports the “Pollution Heaven Hypothesis”. In addition,

Shahbaz et al. (2019) examined the role of FDI on carbon

emissions in the U.S. The results showed that FDI increases

carbon emissions.

The “Pollution Halo Hypothesis” believes that FDI can bring

high-standard production models and advanced technologies to

the host country, thereby helping to reduce the host country’s

carbon emissions. Zhang and Zhou (2016) used China’s

provincial panel data as a sample and adopted the Technology

(STIRPAT) model in their study. Their results showed that FDI is

beneficial to China’s carbon emission reduction. Yu and Xu

(2019) investigated the impact of FDI on China’s industrial

carbon emission reduction and found that FDI positively

impacted industrial CO2 emissions reduction at the national

level. In addition, Zhu et al. (2016) analyzed the effects of FDI on

carbon emissions in ASEAN-5 and found that FDI can mitigate

carbon emissions in high-emissions ASEAN countries, which

supports the “Pollution Halo Hypothesis”.

Regarding the research on the impact of foreign direct

investment on carbon emissions, academia has formed a

systematic research framework. In contrast, the current

research on the relationship between FDI and carbon

productivity is relatively lacking. Since carbon emission

intensity and productivity are reciprocal, the literature on

carbon emission intensity and carbon productivity is regarded

as the same category. Shao (2018) found through dynamic panel

analysis that foreign direct investment had a significant negative

impact on the carbon intensity of host countries. Pan et al. (2014)

found a significant spatial autocorrelation between China’s FDI

and carbon emission intensity. FDI is conducive to reducing

carbon emission intensity of the local region whose space

spillover effects and significantly reduces that of the

surrounding area. Long et al. (2020), based on China’s

provincial panel data from 1998 to 2016, combined with the

impact mechanisms such as scale effect, structural effect,
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technical effect, environmental effect, and other influencing

mechanisms, found that local FDI positively impacts local

carbon productivity, while FDI in surrounding areas harms

local carbon productivity. It can be seen that the existing

research conclusions on the relationship between FDI and

carbon productivity are relatively consistent, and they all

believe that FDI will promote the increase of carbon

productivity in the host country.

2.4 Literature summary and research
purpose

To sum up, the existing research has the following research

gaps, which also become the possible marginal contribution of

this paper. First of all, most of the current research focuses on the

relationship between FDI and carbon emissions. The research on

the impact of FDI on carbon productivity is still relatively scarce,

and a systematic theoretical system has not yet been formed. This

paper can further enrich the research content in this field.

Secondly, the existing literature mainly studies the spatial

spillover effect of FDI from the perspective of geographical

attributes. This paper adds the economic distance matrix to

explore the spatial spillover effect of FDI from the perspective

of economic attributes. Finally, the existing researchmainly starts

from the total amount of FDI, ignoring that FDI may have

different impacts on the host country under different modes.

From the perspective of entry mode, this paper divides the total

FDI into joint venture FDI and wholly foreign-owned FDI and

studies the difference in the impact of FDI on China’s carbon

productivity under different entry modes.

Therefore, based on the integration of existing research, this

paper selects the panel data of 25 provinces in China from

2007 to 2019 and uses a spatial econometric model to analyze

the difference in the impact of FDI on China’s carbon

productivity under different entry modes, to provide certain

policy guidance for developing China’s low-carbon economy.

3 Theoretical basis and research
method

3.1 The influencing mechanism of foreign
direct investment on carbon productivity
under different entry modes

The influencing mechanism of FDI on carbon productivity

under different entry modes is shown in Figure 2. FDI affects the

host country’s environment (including carbon productivity)

mainly through scale, structural and technical effects

(Grossman and Krueger, 1995). The scale effect means that

the entry of FDI expands the overall production and output

scale of the host country through capital accumulation and, at the

same time, improves the level of economic development through

taxation and employment, which in turn affects carbon

productivity. Structural effect means that FDI promotes the

transformation of the host country’s industrial structure,

thereby affecting carbon productivity. The technical effect

means that FDI brings advanced environmental protection,

technology production, and management experience to the

host country through technology spillover, which promotes

the technological progress of the host country and affects

carbon productivity.

Firstly, the scale effect of FDI under different entry modes is

analyzed. FDI under both entry modes will expand the output

scale of the host country, so the scale effect under both entry

modes is positive. To prevent the proliferation of advanced

technologies in the host country, foreign companies may

apply the most advanced production technology and

management experience to their wholly-owned subsidiaries

and less sophisticated technology to their joint ventures with

less control (Jin et al., 2016). Therefore, wholly foreign-owned

enterprises are likely to have a larger output scale than a joint

venture and contribute more tax revenue and employment

opportunities to the host country. That is, wholly foreign-

owned enterprises have a greater scale effect.

FIGURE 2
The influencing mechanism of FDI on carbon productivity under different entry modes.
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Secondly, the structural effect of FDI under different entry

modes is analyzed. Compared with joint ventures, wholly

foreign-owned enterprises may have advantages in technology

and management. Therefore, its products will be more

competitive, seizing the host country’s market, threatening the

survival of the host country’s enterprises, and leading to the

decline of the industrial structure. Although joint ventures may

lag behind sole proprietorships in technology, they can have

technological spillovers to the host country to a certain extent,

driving the transformation and upgrading of its industrial

structure. To sum up, the structural effect of wholly foreign-

owned enterprises is negative, while the structural effect of joint

ventures is positive.

Finally, the technical effect of FDI under different entry

modes is analyzed. The articles of association or contracts of

the joint venture cannot cover all aspects of the use of the

intangible assets of the enterprise, which provides the

possibility of technology spillover. The joint venture party

from the host country can apply the new knowledge from the

joint venture to the new enterprise. Other enterprises in the host

country can also use personnel trained by the joint venture to

improve production and operation (Jin et al., 2016). All of these

can produce technology spillover effects. And these conditions

are difficult to establish for wholly foreign-owned enterprises.

Therefore, the technical effect is positive in both entry modes,

and the technical effect of joint ventures is greater than that of

wholly foreign-owned enterprises.

3.2 Moran’s I

Before spatial econometric analysis, variables must be

analyzed for spatial autocorrelation. Spatial autocorrelation

refers to the potential interdependence between the observed

data of variables in the same distribution area. When the

variables have spatial autocorrelation, the spatial econometric

model is necessary for analysis. Moran’s I is a common method

for spatial autocorrelation analysis, and the calculation

formula is:

Morans I �
∑n

i�1∑n
j�1Wij(Xi − �X)(Xj − �X)
S2∑n

i�1∑n
j�1Wij

In the formula, S2 is the sample variance, �X is the sample

mean, and Wij is the spatial weight matrix. The value range of

Moran’s index is [-1,1]. When the Moran’s I is greater than 0,

the variables show positive spatial dependence between the

observed data in the same distribution area; when the

Moran’s I is less than 0, it shows negative spatial

dependence; when the Moran’s I is equal to 0, it means

that there is no spatial autocorrelation.

3.3 Spatial weight matrix

The setting of the spatial weight matrix is a key step in spatial

econometric analysis. The calculation of the Moran’s I depend on

the spatial weight matrix, and the estimation results of the spatial

econometric model are also affected by the spatial weight matrix.

Based on the research of other scholars, this paper sets three

spatial weights for research: geographic adjacency matrix,

geographic distance matrix, and economic distance matrix.

3.3.1 Geographic adjacency matrix W1

The implicit assumption of the geographic adjacency matrix

is that adjacent areas are more correlated than non-adjacent

areas. This paper sets the geographic adjacency matrix based on

the binary algorithm:

W1 � { 1, Ai is adjacent toAj

0, Ai is not adjacent toAj

Where Ai andAj represent two different provinces. Among the

25 provinces selected for this research, Hainan Province is

included. As an island, it is not geographically adjacent to

other provinces. It is artificially set to be adjacent to

Guangdong Province regarding academic practice. In addition,

the elements on the diagonal of the geographic adjacency matrix

(i.e., the values between the same provinces) are set to 0.

3.3.2 Geographic distance matrix W2

The implicit assumption of the geographic distance matrix is

that there is a stronger correlation between regions with closer

distances than regions with farther distances. In this paper, the

inverse of the distance between provinces is used to set the

geographic distance matrix:

W2 � 1
dij

dij is the geographic distance between the capitals of province i

and province j.

3.3.3 Economic distance matrix W3

The implicit assumption of the economic distance matrix is

that there is a stronger correlation between regions with similar

economic attributes than regions with large differences in

economic attributes. In this paper, the difference between the

annual averages of GDP per capita in the two provinces is used to

represent the difference in economic attributes of the two

provinces, and the economic distance matrix is set as:

W3 � 1∣∣∣∣∣∣∣Yi − Yj

∣∣∣∣∣∣∣
Yi and Yj are the annual averages of GDP per capita in provinces i

and j, during the observation period.
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3.4 Spatial econometric model

The spatial econometricmodel addresses the correlation between

samples from different regions and fully accounts for the spatial

factors’ influence. Currently, the more commonly used spatial

measurement models include the spatial error model (SEM), the

spatial lag model (SLM), and the spatial Durbin model (SDM). The

spatial error model assumes that inter-regional interactions are

realized through the error term and that random shocks cause

spatial spillover effects. The spatial lag model contains a spatial

lag operator for the dependent variable. All independent variables

will affect other regions through a spatial conduction mechanism.

The Spatial Durbin Model contains both the dependent variable and

the independent variable spatial lag operator, which can

simultaneously analyze the spatial spillover effects of the

dependent variable and the independent variable in a region.

The general form of the spatial Durbin model is as follows.

This paper uses it as the basis for empirical analysis and then

judges whether it is the optimal model through the spatial

applicability test.

{Yt � ρWYt + γXt +WXtθ + εt
εt ~ N(0, σ2IN)

In the formula, Yt is the column vector of the response

variable, Xt is the column vector of the explanatory variable, W is

the spatial weight matrix, ρ, γ, θ are the parameters to be

estimated, and εt is the random error term. ρWYt is a spatial

lag term, which represents the spatial spillover effect of the

explained variables in other regions on the explained variables

in the region. Similarly, WXtθ is the spatial lag term of the

explanatory variable, indicating the influence of explanatory

variables in other regions on the explained variables in the region.

The assumptions of SDM are as follows: first, εt follows a normal

distribution with mean 0 and variance σ2IN and its higher than

fourthmoments exist; second,Xt is non-stochastic, has full rank, and

its elements are uniformly bounded in absolute value; third, the

spatial weight matrix W is a non-stochastic matrix with zero

diagonals; fourth, the admissible parameter space for the true

spatial parameter ρ is [−1, 1]; fifth, the spatial transformation

matrix (IN − ρW) is invertible on the compact parameter spaces

of spatial parameter ρ; sixth, row sums of the matrices W and

(IN − ρW)−1, beforeW is row-standardized, are uniformly bounded

in absolute values as N goes to infinity (Youssef et al., 2022).

4 Variable selection and data sources

4.1 Variable selection

4.1.1 Explained variables
Carbon Productivity (cp). Carbon productivity is the ratio of

gross domestic product to carbon dioxide emissions. This paper,

in eliminating the impact of price changes, uses the 2006 price

level as the base price and adjusts the nominal GDP of each

region using the exponential smoothing method to obtain the

real GDP of each region, and then use the real GDP to calculate

carbon productivity.

4.1.2 Explanatory variables
Different entry modes of foreign direct investment: joint

venture FDI (jv), wholly foreign-owned FDI (wfo). When FDI

enters China, it will choose the appropriate entry mode based on

its situation and China’s foreign investment policy in different

periods. By consulting the China Statistical Yearbook, it can be

known that the entry modes of FDI include the following: wholly

foreign-owned enterprises, joint ventures, cooperative

enterprises, foreign share-holding corporations Ltd. and

cooperative development. Cooperative enterprises, foreign

share-holding corporations Ltd. and cooperative development

are essentially special forms of joint ventures resulting from

changes in China’s foreign policy at different stages. Referring to

Jin et al. (2016), this paper uses the sum of the capital of FDI

under the four entry modes of the joint venture, cooperative

enterprises, foreign share-holding corporations Ltd. and

cooperative development as the joint venture capital. The joint

venture FDI is expressed as the share of joint venture capital in

regional GDP in each region. In contrast, the wholly foreign-

owned FDI is expressed as the share of wholly foreign-owned

capital in regional GDP.

4.1.3 Control variable
From the literature review part, in addition to FDI, there are

many factors affecting China’s carbon productivity. Based on the

research on the driving factors of carbon productivity by Lu et al.

(2015) and Li and Wang (2019), and drawing on the STIRPAT

model (York et al., 2003), this paper selects the level of economic

development, industrial structure, energy structure, and

population size as control variables from the perspectives of

economy, society, resources and environment (Ke et al., 2021).

The level of economic development (edl) is measured by the

real GDP per capita of each province, and the calculation formula

is as follows:

edlit � GDPit

(Pt + Pt−1)/2
In the formula, GDP is the actual gross regional product, P is

the number of permanent residents at the end of the year, i is the

province, and t is the time.

In addition, the industrial structure (is) is represented by the

proportion of the output value of the secondary industry in the

regional GDP, representing the proportion of traditional

industries in the industrial structure; the energy structure (es)

is expressed as the proportion of coal consumption in the total

regional energy consumption, representing the proportion of
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traditional energy in the energy consumption structure; the

population size (ps) is the number of permanent residents in

each region at the end of the year.

4.2 Data sources

The above data are sourced from the “China Statistical

Yearbook”, “China Energy Statistical Yearbook”, China

Emission Accounts and Datasets (CEADs) (Guan et al.,

2021; Shan et al., 2020; Shan et al., 2018; Shan et al.,

2016), Provincial Statistical Yearbook and China Stock

Market and Accounting Research (CSMAR) Database over

the years, etc. The Tibet Autonomous Region was deleted due

to a serious lack of data. The Hong Kong, Macao, and Taiwan

regions were not within the scope of this paper due to the

difficulty in obtaining data. In addition, Jilin, Liaoning,

Ningxia, Qinghai, and Sichuan are also excluded from the

sample because the amount of FDI under different entry

modes is not listed in the statistical yearbook. Therefore,

the research sample in this paper includes data from

25 provinces. The descriptive statistics of each variable are

shown in Table 1. The maximum value of the energy structure

is greater than one because some regions consume a large

amount of coal for power generation, and the resulting power

is exported to other regions. However, the energy

consumption statistics for the region do not include

electricity exported to other provinces, resulting in the

province’s coal consumption being greater than energy

consumption. Economic development and population size

are logarithmically treated in the following analysis to reduce

the effect of the magnitude. Detailed data are listed in

Supplementary Table 1.

4.3 Testing the multicollinearity of
explanatory variables

Multicollinearity refers to the distortion of model

estimates due to high correlations between explanatory

variables. We use the Pearson correlation matrix and the

Variance Inflation Factor (VIF) to perform the

multicollinearity test. Their results are shown in Table 2.

The absolute values of the correlation coefficients between the

explanatory variables are all less than 0.5, and the VIF of each

explanatory variable is less than 2. It can be seen that there is

no multicollinearity between the explanatory variables.

4.4 Spatial autocorrelation analysis

First, the Moran’s I was used to measure the spatial

correlation of carbon productivity in China. The results

are shown in Figure 3 and Figure 4. As far as the

geographic adjacency matrix W1 is concerned, the Moran’s

I of carbon productivity between 2007 and 2019 is always

positive, has a downward trend, and is significant at the 5%

level. This shows that China’s carbon productivity has a very

significant positive spatial correlation, but the spatial

agglomeration of carbon productivity between adjacent

regions has weakened over time. As far as the geographic

distance matrix W2 is concerned, the Moran’s I of carbon

productivity between 2007 and 2018 was positive but small

and changed from positive to negative in 2019. Combined

with the p-value, it can be seen that China’s carbon

productivity has a positive spatial correlation at the 10%

significance level from 2007 to 2017, while it failed the

10% significance test from 2018 to 2019. As far as the

economic distance matrix W3 is concerned, the Moran’s I

of carbon productivity between 2007 and 2019 is positive. Its

value is between W1 and W2, and it passes the 10%

significance test except for 2007 and 2008. This shows a

significant positive spatial correlation between China’s

carbon productivity in general and regions with smaller

economic gaps with similar carbon productivity levels. To

sum up, it can be concluded that there is a positive spatial

correlation between carbon productivity among all provinces

in China under the three spatial weight matrices, and it is

reasonable to use the analysis method of spatial

measurement.

TABLE 1 Descriptive statistics.

Variable Unit Samples Mean Standard deviation Minimum Maximum

cp ten thousand CNY/ton of carbon 325 0.61 0.37 0.16 2.59

jv % 325 0.86 0.67 0.01 3.94

wfo % 325 1.70 1.51 0.001 6.92

is % 325 44.72 8.96 16.20 61.50

ps ten thousand people 325 4743 2609 845 11521

edl CNY 325 39593.89 23398.41 7142.30 121610.06

es % 325 67.91 29.70 1.77 175.78
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TABLE 2 Pearson correlation matrix and VIF.

Variables jv wfo is ps edl es

jv 1.000

wfo 0.464*** 1.000

is 0.095* 0.014 1.000

ps −0.206*** −0.212*** 0.460*** 1.000

edl 0.190*** 0.320*** −0.249*** −0.071 1.000

es −0.041 −0.424*** 0.435*** 0.149*** −0.332*** 1.000

VIF 1.38 1.84 1.88 1.49 1.26 1.72

*** means significant at the 1% level, ** means significant at the 5% level, * means significant at the 10% level, the same as in the tables below.

FIGURE 3
Moran’s I of carbon productivity in China under three spatial weight matrices from 2007 to 2019.

FIGURE 4
p-value of Moran’s I of carbon productivity in China under three spatial weight matrices from 2007 to 2019.

Frontiers in Environmental Science frontiersin.org08

Tang et al. 10.3389/fenvs.2022.922151

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.922151


5 Empirical analysis

5.1 Spatial econometric model regression
results

Firstly, the applicability of the spatial Durbin model is tested,

and the test results are shown in Table 3. While the Robust LM

test for the spatial error model under the economic distance

matrix was not statistically significant, the other Robust LM tests

and all LM tests passed the 1% significance level. Thus,

significantly rejecting the null hypothesis of no spatial

autocorrelation. It shows that compared with the spatial lag

and error models, the spatial Durbin model is more suitable

for the analysis in this paper. And because all LR test results have

passed the significance test at the 1% level, the spatial Durbin

model cannot degenerate into a spatial error model and a spatial

lag model. Although one of the Wald tests failed the significance

test, overall, it was determined that the spatial Durbin model was

appropriate.

Through the Hausman test, the spatial Durbin model under

the three spatial weight matrix assumptions rejected the null

hypothesis of random effects; that is, the fixed-effects model was

adopted (Abonazel and Shalaby, 2020). In this paper, using

stata16 as a measurement tool, the regression of the time

fixed-effect model, the individual fixed-effect model, and the

two-way fixed effect model under the three spatial weight

matrices were carried out, respectively. The R-squared of these

three models is shown in Table 4. It can be seen that the

R-squared of the time fixed effect model is the largest under

the three spatial weight matrices, indicating that the time fixed

effect model has better goodness of fit than other models. The

formula of the spatial Durbin model is as follows:

cpit � β1jvit + β2wfoit + βγXit + θ1Wjvit + θ2Wwfoit + θγWXit

+ ρWcpit + λi + μi + εit

In the formula, i is the province, t is the year, ρ is the spatial

autocorrelation coefficient, W is the spatial weight matrix, X is

the control variable, β and θ are the regression coefficients, λi is
the individual fixed effect, μi is the time fixed effect, εit represents
the error term.

The regression results of the time fixed effects model are

analyzed below, and the results are shown in Table 5. The

spatial autocorrelation coefficients of carbon productivity

under the three spatial weight matrices are all less than zero.

They passed the significance test at the 1 and 10% levels

under the geographic and economic distance matrices. These

indicate that China’s carbon productivity has an obvious

siphon effect. That is, the carbon productivity of a province

will be negatively affected by the carbon productivity of

adjacent provinces and provinces with similar economic

attributes. The possible explanation is that provinces with

higher carbon productivity usually have corresponding

national policy support and occupy more high-quality

development resources. This limits the improvement of

carbon productivity in neighbouring provinces and

provinces with similar economic attributes.

5.2 Spatial Durbin model effect
decomposition

Since the spatial Durbin model contains the spatial lag

term of the dependent variable, its regression coefficient

TABLE 3 LM test, LR test and Wald test results.

Spatial error Spatial lag LR-SEM LR-SAR Wald-SEM Wald-SAR

LM Robust LM LM Robust LM

W1 25.606*** 11.509*** 17.117*** 3.020*** 71.85*** 71.39*** 18.34*** 24.41***

W2 174.633*** 117.481*** 66.389*** 9.237*** 30.68*** 51.87*** 51.37*** 76.61***

W3 64.360*** 40.018*** 25.730*** 1.388 39.78*** 48.37*** 10.03 21.26***

TABLE 4 R2 comparison of time fixed effects, individual fixed effects, and two-way fixed effects.

R2 for time fixed
effects

R2 for individual
fixed effects

R2 for two-way fixed
effects

W1 0.7675 0.0545 0.0288

W2 0.8104 0.0001 0.1439

W3 0.7621 0.0275 0.0163

Frontiers in Environmental Science frontiersin.org09

Tang et al. 10.3389/fenvs.2022.922151

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.922151


cannot directly reflect the influence of the independent

variable on the dependent variable. Therefore, the effects of

the spatial Durbin model are decomposed, and the

decomposition results of direct, indirect, and total effects

are obtained, as shown in Table 6. Firstly, the direct effect

is analyzed. The joint venture FDI’s direct effect is

insignificant under the three spatial weight matrices. The

direct effect of the wholly foreign-owned FDI is not

significant under the geographic and economic distance

matrices. Still, it is significantly positive under the

geographic adjacency matrix. Since wholly foreign-owned

enterprises have strong protection for their technology, the

TABLE 5 Regression results of spatial Durbin model.

Variable W1 W2 W3 Variable W1 W2 W3

jv 0.031* 0.037** 0.014 W×jv 0.151*** 0.334*** 0.102*

(0.06) (0.03) (0.39) (0.00) (0.01) (0.07)

wfo 0.026*** 0.007 0.002 W×wfo −0.060*** −0.205*** −0.082***

(0.01) (0.49) (0.82) (0.00) (0.00) (0.00)

is −0.012*** −0.008*** −0.013*** W×is 0.020*** 0.028** −0.014**

(0.00) (0.00) (0.00) (0.00) (0.02) (0.02)

lnps 0.122*** 0.102*** 0.122*** W×lnps −0.080** −0.313* −0.117

(0.00) (0.00) (0.00) (0.05) (0.07) (0.12)

lnedl 0.290*** 0.292*** 0.142* W×lnedl -0.068 0.332** 0.431***

(0.00) (0.00) (0.08) (0.26) (0.04) (0.00)

es -0.005*** −0.006*** −0.006*** W×es −0.005*** −0.022*** −0.004**

(0.00) (0.00) (0.00) (0.00) (0.00) (0.02)

ρ −0.114 −0.912*** −0.182* sigma2_e 0.023*** 0.022*** 0.024***

(0.19) (0.00) (0.07) (0.00) (0.00) (0.00)

R2 0.768 0.810 0.762 <I>R</I>2 0.768 0.810 0.762

TABLE 6 Effect decomposition of spatial Durbin model.

Variable Direct
effect

Indirect
effect

Total
effect

Variable Direct
effect

Indirect
effect

Total
effect

W1 jv 0.028 0.138*** 0.166*** lnps 0.123*** −0.088** 0.035

(0.11) (0.00) (0.00) (0.00) (0.01) (0.34)

wfo 0.028*** −0.059*** −0.031* lnedl 0.292*** −0.094* 0.198***

(0.01) (0.00) (0.10) (0.00) (0.06) (0.00)

is −0.012*** 0.020*** 0.007** es −0.005*** −0.004*** −0.009***

(0.00) (0.00) (0.03) (0.00) (0.00) (0.00)

W2 jv 0.026 0.173** 0.200** lnps 0.115*** −0.239** −0.124

(0.13) (0.02) (0.01) (0.00) (0.02) (0.25)

wfo 0.014 −0.122*** −0.108*** lnedl 0.290*** 0.035 0.324***

(0.13) (0.00) (0.01) (0.00) (0.69) (0.00)

is −0.009*** 0.021*** 0.012 es −0.005*** −0.010*** −0.015***

(0.00) (0.01) (0.13) (0.00) (0.00) (0.00)

W3 jv 0.012 0.090* 0.102* lnps 0.125*** −0.127** −0.002

(0.47) (0.09) (0.09) (0.00) (0.05) (0.98)

wfo 0.004 −0.074*** −0.070*** lnedl 0.127 0.359*** 0.486***

(0.62) (0.00) (0.00) (0.12) (0.00) (0.00)

is −0.013*** −0.010* −0.023*** es −0.006*** −0.002* −0.008***

(0.00) (0.06) (0.00) (0.00) (0.05) (0.00)
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parent company is more willing to apply the latest technology

to its wholly-owned subsidiaries so that wholly foreign-owned

enterprises have more advanced technology than joint

ventures. With the support of advanced technology, the

carbon productivity of wholly foreign-owned enterprises is

likely to be much higher than the local carbon productivity

prior to its entry, making the local carbon productivity rise.

Joint ventures have no obvious impact on the local carbon

productivity due to their low carbon productivity. Secondly,

the indirect effect is analyzed. Under the three spatial weight

matrices, the indirect effect of the joint venture FDI is

significantly positive, while the indirect effect of the wholly

foreign-owned FDI is significantly negative. Through

technology spillovers, joint ventures drive industrial

transformation and upgrading in adjacent areas and areas

with similar economic attributes and then promote the

improvement of carbon productivity in adjacent areas and

areas with similar economic attributes through structural and

technical effects. Wholly foreign-owned enterprises will have

a crowding-out effect on local enterprises, which is not

conducive to upgrading the industrial structure. This leads

to a negative structural effect which is not conducive

toimproving carbon productivity in adjacent areas and

areas with similar economic attributes. Finally, the total

effect is analyzed. Under the three spatial weight matrices,

the total effect of the joint venture FDI is significantly positive,

and the total effect of the wholly foreign-owned FDI is

significantly negative. This shows that, on the whole, joint

venture FDI is beneficial to the improvement of China’s

carbon productivity. At the same time, wholly foreign-

owned FDI is not conducive to improving China’s carbon

productivity.

From the decomposition results of the control variables,

it can be seen that the direct effect of the industrial structure

is significantly negative under the three spatial weight

matrices. The indirect effect is significantly positive under

the geographic adjacency and geographic distance matrices,

but significantly negative under the economic distance

matrix. Traditional industries are often characterized by

high energy consumption and low production efficiency,

adversely affecting local carbon productivity. The

concentration of traditional industries in a certain area

will help improve the carbon productivity of adjacent

areas but will hurt the carbon productivity of areas with

similar economic attributes. Secondly, under the three

spatial weight matrices, the direct effect of population size

is significantly positive, and the indirect effect is significantly

negative. This shows that the concentration of human

resources in a certain area will make local carbon

productivity develop well. In contrast, it will make the

human resources in adjacent areas and areas with similar

economic attributes deficient, thus inhibiting their carbon

productivity. Then, the direct effect of the economic

development level is significantly positive under both the

geographic adjacency and geographic distance matrices, but

not significant under the economic distance matrix. Its

indirect effect is significantly negative under the

geographic adjacency matrix, not significant under the

geographic distance matrix, and significantly positive

under the economic distance matrix. Economically

developed regions have advantages in both resources and

technology, which facilitates the improvement of local

carbon productivity and drives the improvement of

carbon productivity in regions with similar economic

TABLE 7 Robustness test.

Variable W1 W2 W3 Variable W1 W2 W3

jv 0.025 0.028* 0.010 W×jv 0.120*** 0.281** 0.099*

(0.10) (0.09) (0.51) (0.00) (0.02) (0.06)

wfo 0.021** 0.004 0.003 W×wfo −0.059*** −0.199*** −0.077***

(0.03) (0.70) (0.69) (0.00) (0.00) (0.00)

is −0.011*** −0.007*** −0.013*** W×is 0.018*** 0.025** −0.015**

(0.00) (0.00) (0.00) (0.00) (0.02) (0.01)

lnps 0.116*** 0.099*** 0.115*** W×lnps −0.078** −0.244 −0.082

(0.00) (0.00) (0.00) (0.04) (0.14) (0.24)

lnedl 0.272*** 0.280*** 0.132* W×lnedl −0.039 0.309** 0.389***

(0.00) (0.00) (0.08) (0.49) (0.04) (0.00)

es −0.005*** −0.005*** −0.005*** W×es −0.005*** −0.021*** −0.003*

(0.00) (0.00) (0.00) (0.00) (0.00) (0.06)

ρ −0.081 −0.818*** −0.131 sigma2_e 0.020*** 0.019*** 0.021***

(0.34) (0.00) (0.19) (0.00) (0.00) (0.00)

R2 0.777 0.812 0.750 R2 0.777 0.812 0.750
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attributes. However, the development of carbon productivity

in adjacent regions is inhibited due to lack of resources.

Finally, under the three spatial weight matrices, the energy

structure’s direct and indirect effects are significantly

negative. Compared with new clean energy, traditional

energy will produce more carbon emissions with the same

production capacity. Excessive use of traditional energy will

adversely affect the carbon productivity in the region and

adjacent regions and regions with similar economic

attributes.

5.3 Robustness test

To avoid endogeneity, the first-order lag term of carbon

productivity is used as the explanatory variable, and a

robustness test is carried out. The results are shown in

Table 7. It can be seen from Table 7 that there is no

fundamental change in the significance of the coefficients

of each variable, indicating that the empirical conclusions

are robust.

6 Conclusions and recommendations

This paper measures the carbon productivity of each

province in China, selecting panel data from 25 provinces

in China from 2007 to 2019. Three spatial weight matrices

were established: geographic adjacency matrix, geographic

distance matrix, economic distance matrix, and Moran index

for spatial autocorrelation analysis. The spatial Durbin model

is used to study the impact of different FDI entry modes on

China’s carbon productivity. The following conclusions are

drawn: 1) There is a high positive spatial correlation of

carbon productivity in all provinces in China. Not only do

areas with high carbon productivity agglomerate

geographically, but the carbon productivity of areas with

similar economic attributes is also relatively close. 2)

When FDI enters China in the mode of joint ventures, the

impact on local carbon productivity is insignificant. Still,

there is a significant positive spatial spillover to carbon

productivity in adjacent regions and regions with similar

economic attributes. Overall, the joint ventures FDI has

contributed to improving China’s carbon productivity.

When FDI enters China in the mode of wholly foreign-

owned enterprises, it positively impacts the local carbon

productivity. Still, there is a significant negative spatial

spillover to carbon productivity in adjacent regions and

regions with similar economic attributes. Overall, the

wholly foreign-owned FDI restrains China’s carbon

productivity growth. 3) The industrial structure will

promote local carbon productivity. It has positive spatial

spillovers to the improvement of carbon productivity in

adjacent regions and negative spatial spillovers to carbon

productivity in regions with similar economic attributes. The

population size can promote local carbon productivity. It has

negative spatial spillovers on carbon productivity in adjacent

regions and regions with similar economic attributes. The

level of economic development can promote the

improvement of local carbon productivity. It has negative

spatial spillovers on carbon productivity in adjacent regions

and positive in regions with similar economic attributes. The

energy structure is not conducive to the improvement of local

carbon productivity. It has negative spatial spillovers on the

carbon productivity of adjacent regions and regions with

similar economic attributes.

This paper puts forward the following suggestions:

1) The state should better play the role of macro-control and

allocate resources more efficiently and reasonably at the

national level. So that areas with development potential

can be supported by corresponding resources and policies.

Provinces and cities should fully consider the interests of

surrounding areas in policy formulation, establish a good

policy coordination system, and form a regional policy

linkage mechanism. Eliminate regional barriers and

promote the market-oriented flow of production factors

such as technology and manpower, thereby optimizing

resource allocation. Guide the synchronous optimization of

industrial structure and energy structure among regions,

promote the common development of economy among

regions, and form a high-quality development model in

which carbon productivity in each region promotes each

other.

2) At present, more and more foreign capital chooses to enter

China in the mode of wholly foreign-owned enterprise, which

is not conducive to improving China’s carbon productivity.

First, when developing the economy, local governments

should formulate investment promotion policies

compatible with local resource endowments and provide

corresponding incentives or preferential treatment to joint

ventures based on local specific conditions. Second, China

must speed up the process of opening up the capital market.

And actively promote joint ventures such as foreign share-

holding corporations Ltd. and cooperative development, and

innovate in the form of joint ventures under the current

institutional framework, thereby attracting more FDI to enter

China in the form of joint ventures. Finally, pay attention to

the digestion and absorption of core technological

achievements and advanced management concepts in the

process of introducing foreign capital, and increase the

technological spillover effect, thereby promoting the

improvement of China’s carbon productivity and the

process of China’s low-carbon economy.
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3) In economic construction, all regions should accelerate

transforming and upgrading traditional high-polluting and

low-efficiency industries. Introduce advanced technology

and equipment to improve the energy utilization efficiency

of the industry, promote the use of clean energy to replace

traditional high-polluting energy gradually, and promote the

development of Chinese industries in the direction of high-end,

intelligent, and green development (Youssef et al., 2020).
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