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This article is based on panel data from 266 cities in China from 2009 to 2020.
Classical economics theory and Marxist political economy theory are used as the
theoretical basis for the study. Static spatial Durbinmodel regression and dynamic
spatial Durbin model regression are conducted to analyze the impact of
education investment on carbon dioxide emissions. The results show that
education investment can significantly reduce carbon dioxide emissions, not
only through spatial spillover effects, but also through dynamic effects over time.
The implementation of education investment in one city can have a positive
impact on surrounding cities, thereby achieving a certain degree of reduction in
carbon emissions. Additionally, the inhibitory effect of education investment on
carbon emissions is more significant in the short term. Furthermore, the study
found that there is significant heterogeneity in the effect of education investment
on carbon dioxide emissions between northern and southern cities, with
education investment in southern cities having a more significant effect. This
may be related to the industrial structure and climate of southern cities. The
conclusions of this study provide useful reference for the development of
education policies and environmental protection policies. In the future, the
government can increase education investment appropriately to achieve the
goal of reducing carbon dioxide emissions. And research has shown that
education investment can suppress carbon emissions by influencing changes
in energy and industrial structures. Therefore, when using measures to reduce
emissions in education investment, we can focus on these two aspects.
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1 Introduction

On 22 September 2020, President Xi Jinping announced at the United Nations
Sustainable Development Summit that China aims to achieve peak carbon emissions
before 2030 and carbon neutrality before 2060. This is crucial for global climate change
efforts. Carbon neutrality involves transforming energy and industries to a nearly zero-
emission state after greenhouse gas emissions peak. As one of the largest carbon-emitting
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countries, China’s commitment will significantly contribute to
global emissions reduction and economic transformation (Kong
and wang, 2022). Achieving carbon neutrality will promote
industrial restructuring and energy transformation, which is vital
for China’s economic upgrade and green development. To reach this
goal, the Chinese government has implemented policies to adjust the
energy structure, promote clean energy technologies, and develop
green finance. China also collaborates with the international
community in areas such as carbon trading, emission accounting,
and reduction technologies (Hepburn et al., 2021).

With climate change as a pressing issue, reducing carbon
emissions has become a global priority. Education investment is
a crucial policy tool for reducing carbon emissions through its
transformative power. The Chinese government has significantly
increased education investment, especially after the “13th Five-Year
Plan”, focusing on education in poor areas, modernization, and
equality (Razzaq et al., 2023). This investment improves
infrastructure, technology, and educational models, optimizing
resource allocation and improving teacher and student quality.
Education investment also attracts social investment from high-
tech enterprises and multinational corporations, enhancing
industry-university-research cooperation. Studies show a strong
correlation between education level and carbon emissions, as
higher education levels lead to greater environmental awareness
and adoption of low-carbon lifestyles and business practices (Cui
et al., 2024). By embedding environmental education into daily
courses and work, the government can enhance national
environmental literacy, promoting green lifestyles and production
models, thus reducing carbon emissions.

China is currently in a stage of economic transformation, striving to
shift from the traditional high energy consuming and high polluting
economic model to a green and low-carbon economic model.
Education investment can cultivate a large number of talents with
green skills and environmental awareness, thereby promoting the
research and application of green technologies and promoting
sustainable economic development (Wang et al., 2022). Education
investment can promote technological innovation, especially in the
fields of clean energy and low-carbon technology. Higher education
institutions and research institutions can significantly reduce carbon
emissions in industrial production and energy consumption by
developing new technologies, promoting industrial upgrading and
green development. As one of the world’s largest carbon emitters,
China bears an important responsibility for reducing emissions in the
international community. Reducing carbon emissions through
education investment not only contributes to domestic
environmental governance, but also demonstrates China’s positive
attitude towards global climate change response, enhances
international image, and fulfills global responsibilities (Guo and
Cui, 2024).

Research in the European Union shows that increased education
investment within a low-carbon economicmodel leads to substantial
carbon emission reductions (Ma and Cui, 2024). In developing
nations, it can decelerate carbon emissions growth. Therefore,
investing in education is crucial for mitigating carbon emissions,
enhancing environmental awareness, and achieving global green
development. The research aims to explore the role of education
investment in mitigating carbon emissions, focusing on: (1) How
does education investment contribute to carbon emission reduction?

(2) Are there temporal and spatial variations in its impact? (3) Does
the impact differ across regions, and what are the pathways through
which education investment affects carbon emissions?

Although many scholars at home and abroad have conducted
extensive research on the impact of education investment on carbon
emissions, there are still some research gaps in existing literature.
These research gaps are mainly manifested in the following aspects:
(1) Relative lack of theoretical foundation: Most studies only
superficially discuss the impact of education investment on
carbon emissions, without conducting in-depth research from an
economic theory perspective (Zhu et al., 2021; Xu et al., 2023). (2)
Single research dimension: Most researchers only explore the
relationship between education investment and carbon emissions
in isolation. Some studies focus on the temporal dimension, while
others extend to spatial effects, but few scholars have combined these
two aspects (Alkhateeb et al., 2020). (3) Lack of regional
heterogeneity analysis: Previous studies have mostly focused on
examining the overall situation in China, with little research on
heterogeneous spatial dynamics, such as analyzing differences
between northern and southern regions of China. (4) Lack of
exploration on specific impact mechanisms: Many scholars have
not yet explored the channels and mechanisms through which
education investment affects carbon emissions (Silva et al., 2022).

To fill these research gaps, this study aims to make the following
improvements and developments: (1) Theoretical Expansion: This
study will be based on the theories of Western classical economics
and Marxist political economy to investigate the mechanisms by
which education investment affects carbon emissions, and will
extend the research to real-world applications. (2)
Comprehensive Dimension Analysis: Using a dynamic spatial
Durbin model to empirically test the relationship between
education investment and carbon emissions from both time and
spatial dimensions, comprehensively examining their correlation.
(3) Regional Heterogeneity Analysis: By distinguishing between
northern and southern regions of China, this study will conduct
spatial dynamic heterogeneity analysis on the impact of education
investment on carbon emissions, providing more targeted analysis
and accurate research results. (4) Exploration of Impact
Mechanisms: Examining the impact channels of education
investment on carbon emissions through energy structure and
industrial structure, in order to gain a more comprehensive
understanding of its impact. Through these improvements and
developments, this study aims to fill existing research gaps and
provide more in-depth, comprehensive, and accurate research
results on the impact of education investment on carbon
emissions. The novelty and contribution of the research lie in the
expansion of its theoretical foundation, analysis of comprehensive
dimensions, exploration of regional heterogeneity, and in-depth
study of specific influencing mechanisms.

2 Literature review

2.1 The impact of education investment on
carbon emissions

Reducing carbon emissions and achieving carbon neutrality have
become critical global issues. Scholars have recognized the pivotal role
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of education in mitigating carbon emissions (Zhu et al., 2021).
Education can enhance individuals’ environmental awareness and
capabilities, thus helping address the escalating environmental crisis
(Xu et al., 2023). From an economic perspective, investing in education
firstly improves overall human capital and labor productivity, leading
to reduced resource waste and carbon emissions during the production
process. For instance, a study analyzing education and carbon emission
data in China from 1995 to 2015 found that educational investment
can enhance human capital and labor productivity, resulting in
reduced resource waste and carbon emissions (Lin et al., 2021).
Secondly, education investment promotes innovation in green
technologies and the development of cleaner and more energy-
efficient production methods to minimize carbon emissions (Feng
et al., 2024). Highly skilled scientists worldwide have already developed
advanced technologies that utilize renewable resources more
effectively, facilitating the optimization and adjustment of the
energy structure (Ling et al., 2024). Thirdly, education investment
strengthens public understanding of environmental protection and
sustainable development concepts, fostering support for government
environmental governance policies and guiding individuals towards
adopting sustainable consumption and production practices,
ultimately achieving the goal of reducing carbon emissions (Shen
et al., 2024). A study utilizing fixed-effects panel data models for
European countries from 2000 to 2014 revealed that education
investment enhances public understanding of environmental
protection and sustainable development concepts, drives support for
government environmental governance policies, and encourages the
adoption of sustainable production and consumption patterns, leading
to a reduction in carbon emissions (Maranzano et al., 2022). The
cultivation of strong individual environmental awareness spreads
through channels like social media, creating a ripple effect and even
societal recognition (Feng et al., 2023). This means that more people
will engage in environmental protection actions, ultimately achieving
national carbon emission reduction and sustainable development.
From a Marxist perspective, education enables workers to acquire
environmental protection skills, internalize environmental
consciousness, and develop environmentally friendly behaviors. In
this way, both businesses and individuals can gradually adapt to low-
carbon and environmentally friendly production and lifestyle practices
(Silva et al., 2022). Furthermore, according to Marxism, education is a
crucial component of the superstructure that can profoundly influence
social production methods and relations (Dibaz and Erkilc, 2021).
Therefore, besides enhancing environmental awareness, cognition, and
capabilities to reduce carbon emissions, education investment can also
promote the formation of environmental organizations and popularize
environmental concepts, reversing the trend of capitalism’s profit
pursuit at the expense of the environment. Lastly, Marxism posits
that in a capitalist society, genuine environmental protection is
unattainable, but education can drive improvements in the social
system and facilitate the establishment of a genuine environmental
protection framework (Feng et al., 2024). Government investments
and policy support in the field of education will progressively
encourage businesses and individuals to apply advanced
environmental concepts and skills in all aspects of production and
life, ultimately realizing the goal of reducing carbon emissions
(Bartik, 2020).

In summary, hypothesis 1 of this article is proposed: education
investment has an inhibitory effect on carbon emissions.

Studying the spatial spillover effects of education investment is
necessary because it provides a deeper and more comprehensive
understanding of the impact of education investment. The spatial
spillover effects of education investment refer to the positive effects
generated in neighboring areas outside the investment region. This
spillover effect is related to the research on regional heterogeneity, as
the spatial spillover effects of education investment are influenced by
the geographical proximity and economic linkages between different
regions. Specifically, the logic relationship of studying the spatial
spillover effects of education investment can be explained as follows
(Feng et al., 2023). Firstly, education investment improves human
capital and skill levels in the investment region, thereby promoting
economic growth and enhancing innovation capacity. This
economic growth and enhanced innovation capacity have positive
impacts on the surrounding areas of the investment region. For
example, education investment can provide more employment
opportunities and a highly skilled workforce, attracting people
from surrounding areas to migrate and work in the investment
region, thereby promoting the economic development of the
surrounding areas. Secondly, the spatial spillover effects of
education investment also involve the dissemination of
knowledge and technology. Education investment improves the
talent cultivation level and research and innovation capacity in
the investment region, making the investment region a center for
knowledge and technology production and innovation (Feng et al.,
2024). The innovation activities of this knowledge and technology
diffuse to the surrounding areas through personnel mobility and
technology transfer, thereby promoting the economic development
and technological upgrading of the surrounding areas. Lastly, the
spatial spillover effects of education investment can also be reflected
through promoting regional economic linkages. The economic
development and enhanced innovation capacity in the investment
region attract more investment and resources, facilitating economic
cooperation and trade between the investment region and the
surrounding areas. This economic linkage brings shared
economic benefits and development opportunities, further driving
the overall regional economic growth. In conclusion, studying the
spatial spillover effects of education investment is aimed at better
understanding the impact of education investment and exploring
how education investment generates positive effects through the
improvement of human capital, dissemination of knowledge and
technology, and promotion of regional economic linkages. It is
related to the research on regional heterogeneity, as the spatial
spillover understand opportunities effects help us how education
investment generates transmission effects and shared economic
development between different regions (Shen et al., 2023).

2.2 The spatial effect of education
investment on carbon emissions

The impact of education investment on carbon emissions
exhibits spatial effects, and this study aims to elucidate the
specific mechanisms through the lenses of classical economics
and Marxist political economy. From the perspective of classical
economics, firstly, based on the principle of externality, carbon
emissions have externalities because they have negative impacts on
the whole society and environment, which are not reflected in
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market prices (Ekici et al., 2022). Local education investment can
increase people’s environmental awareness and energy efficiency,
thereby reducing local carbon emissions. This reduction effect will
further have external effects on adjacent areas, namely, reducing
carbon emissions in adjacent areas. Hence, it can be inferred that
local education investment also exerts a restraining influence on
carbon emissions in neighboring regions. Wang et al. (2021)
conducted an analysis utilizing time-series data and panel data
models to explore the connection between education investment
and carbon emissions. Their findings revealed that the impact of
education investment in reducing carbon emissions extends beyond
the local area, encompassing external effects that contribute to the
decrease of carbon emissions in adjacent regions. Secondly, based on
the principle of competition, when an area achieves outstanding
achievements in environmental protection and energy utilization,
other areas will also be affected because they will lag behind in
resource utilization efficiency and corporate competitiveness. Local
education investment can improve people’s environmental
awareness and skills, thereby promoting local economic
development and industrial upgrading (Xu and Luo, 2020). This
competitive advantage will affect adjacent areas, prompting them to
also strengthen investment and policy formulation in environmental
protection and energy utilization, thereby reducing carbon
emissions. Thirdly, based on the knowledge spillover effect,
education investment will cultivate a group of talents with
advanced environmental awareness and technical skills, and these
talents may spread to adjacent areas, driving the improvement of
carbon emission control levels in adjacent areas. In a study
conducted by Zhang et al. (2023) on the influence of education
on carbon emissions in China, the researchers also investigated the
mediating role of technological innovation. The findings
demonstrated that education investment plays a crucial role in
nurturing individuals with heightened environmental
consciousness and technical expertise. These skilled individuals
subsequently migrate to other regions, leading to a reduction in
carbon emissions. Education investment can attract more high-
quality talents to the region, and these talents often have higher
environmental awareness and technical skills in work and life,
thereby playing a demonstrative and driving role in adjacent
areas and promoting the improvement of adjacent areas’ carbon
emission control capabilities (Fang et al., 2024). Finally, based on the
cross-regional supply chain theory, local enterprises may have
certain supply chain relationships with adjacent enterprises, such
as raw material supply and component production (Wang et al.,
2021). Through education investment, local enterprises can improve
their own environmental awareness and technical skills, thereby
raising higher environmental requirements for adjacent enterprises,
indirectly promoting adjacent areas’ carbon emission control
capabilities. From the perspective of Marxist political economy,
firstly, according to the socialized production principle of Marxist
political economy, as the degree of socialization of production
increases, production activities are less likely to be limited to a
specific area or country (Grosfoguel, 2011). Therefore, talents with
environmental awareness and technical skills cultivated by local
education investment can play an important role in cross-regional
cooperation. Thus, this form of cross-regional cooperation will
restrain carbon emissions in adjacent areas. Secondly, based on
the global nature of environmental issues, environmental problems

are a global issue, not just a local problem. Therefore, talents
cultivated by local education investment can promote the
development of environmental protection globally. These talents
can share local environmental resources and experience in cross-
regional cooperation, thereby improving the environmental
awareness and technical skills of adjacent areas and further
restraining their carbon emissions (He et al., 2022). In
conclusion, education investment has spatial effects on carbon
emissions. The specific mechanisms of these effects can be
elucidated through the perspectives of classical economics and
Marxist political economy, including the principles of externality,
competition, knowledge spillover effect, and cross-regional supply
chain theory (Shen et al., 2023). These mechanisms illustrate that
education investment not only has an impact on carbon emissions in
the local area but also generates external effects on adjacent areas,
thereby promoting the improvement of adjacent areas’ carbon
emission control capabilities.

Therefore, this article proposes hypothesis 2: Education
investment in the local area has a inhibitory effect on carbon
emissions in adjacent areas, and there is a spatial spillover effect.

Studying the impact of education investment on carbon
emissions is just one aspect, while continuing to research the
regional heterogeneity between the north and south can provide
a more comprehensive perspective and in-depth understanding. The
impact of education investment is influenced by significant
disparities in economic development, industrial structure, energy
consumption patterns, and climate conditions between the north
and south. Therefore, the study of regional heterogeneity is closely
related to the impact of education investment. Specifically, the
disparity in industrial structure between the north and south is
an important aspect of regional heterogeneity research. The
southern region primarily focuses on light industries and service
industries, while the northern region is dominated by heavy
industries such as steel, metallurgy, machinery, and energy. This
leads to significant differences in production methods and energy
consumption patterns, which in turn have varying impacts on
carbon emissions. By studying regional heterogeneity, we can
gain a deeper understanding of the impact of industrial structure
disparities on education investment and provide guidance for
developing region-specific education investment strategies.
Additionally, the disparity in technological levels between the
north and south is also a crucial aspect of regional heterogeneity
research. The southern region typically has relatively higher
technological levels compared to the northern region. Production
methods with higher technological content usually exhibit higher
resource utilization and labor productivity, resulting in lower carbon
emissions (Niu et al., 2024). Therefore, the effectiveness of
increasing education investment in reducing carbon emissions
may vary in different regions. By studying regional heterogeneity,
we can gain insights into the impact of technological level disparities
on the relationship between education investment and carbon
emissions, thereby supporting the development of targeted
education investment strategies for different regions. In
summary, there is a logical relationship between the study of
regional heterogeneity and the impact of education investment
(Zhang et al., 2023). After studying education investment, further
research on regional heterogeneity can provide a more
comprehensive and in-depth understanding, helping to uncover
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the complex relationship between education investment and carbon
emissions, and providing a scientific basis for developing region-
specific education investment strategies.

2.3 The heterogeneity of education
investment on carbon emissions in north
and south China

Regional heterogeneity in the impact of education investment
on carbon emissions may arise due to notable disparities in
economic development, industrial structure, energy
consumption patterns, and climate conditions between the
southern and northern regions of China. This heterogeneity can
be attributed to various factors from the standpoint of classical
economics. Firstly, there is a large difference in industrial structure
between the two regions, with the southern region focusing on
light industry and service industries, and the northern region
focusing on heavy industries such as steel, metallurgy,
machinery, and energy (Lin and Wang, 2023). This leads to
significant differences in production methods and energy
consumption, which in turn affects the level of carbon
emissions. Secondly, there is also a difference in technological
level between the two regions, with the southern region having a
relatively higher technological level than the northern region.
Production methods with higher technological content usually
have higher resource utilization and labor productivity, resulting
in lower carbon emissions (Li et al., 2019). Therefore, in the
northern region, increasing education investment can more
effectively reduce carbon emissions (Shen et al., 2024). Finally,
education investment can improve human capital levels, promote
green technology and environmental awareness, and encourage
green production and lifestyles. Undoubtedly, the impact of
education investment on carbon emissions varies between the
southern and northern regions of China, and this difference can
be attributed to several factors. In a study conducted by Zhang and
Wang (2019) on the impact of education investment on carbon
emissions in southern China, a spatial panel model was employed.
The findings revealed that high-tech production methods exhibit
greater resource utilization and labor productivity, leading to
comparatively lower carbon emissions. Consequently, increasing
education investment can effectively contribute to the reduction of
carbon emissions in southern China. Additionally, from the
perspective of Marxist political economy, notable disparities in
production modes exist between the northern and southern
regions of China. Marxist political economists believe that
production mode is the foundation and driving force of social
development, and different production modes have different
impacts on productivity and production relations. The southern
region mainly relies on agriculture and handicrafts while the
northern region is dominated by heavy industries, leading to
differences in education investment and carbon emissions
between the two regions. Furthermore, according to Marxist
political economists, policies and regulations serve as a
concentrated manifestation of state intentions, exerting a crucial
influence on guiding economic development and the
transformation of social production modes (Alami et al., 2022).
The variations in policies and regulations between the northern

and southern regions of China have distinct effects on both
education investment and carbon emissions (Shen et al., 2024).

Therefore, this article proposes hypothesis 3: There is a
significant north-south difference in the impact of education
investment on carbon emissions.

2.4 The impact mechanism of education
investment on carbon emissions

When conducting research on the impact of education
investment on carbon emissions, it is inevitable to discuss the
variables of energy structure and industrial structure, as these
two variables play important mediating roles throughout the
research process. The following will elaborate on the research on
the impact of education investment on carbon emissions from these
two aspects.

Education investment can indirectly reduce carbon emissions by
influencing energy structure. Firstly, education investment can
improve the quality and skill level of human resources, thereby
promoting the transformation of energy structure (Baharin et al.,
2020). By providing high-quality education and training
opportunities, education investment helps enhance the technical
capabilities and innovation awareness of the workforce. This will
encourage enterprises to pay more attention to the development and
utilization of clean energy, reducing reliance on high-carbon energy
and lowering carbon emissions. Secondly, education investment can
raise environmental awareness and a sense of responsibility among
companies and individuals (Cui et al., 2023). Through education
investment, people gain a better understanding of the importance of
environmental protection and the impact of carbon emissions on
climate change, fostering environmental values and behavioral
habits. At the enterprise level, education investment can
encourage companies to prioritize environmental responsibility,
prompting them to adopt emission reduction measures and
transition to clean energy (Raihan et al., 2023).

Simultaneously, industrial structure also plays a significant role
in the impact of education investment on carbon emissions. Firstly,
education investment can enhance the quality and skill level of
human resources, promoting the upgrading and transformation of
the industrial structure. By providing high-quality education and
training opportunities, education investment helps improve the
technical capabilities and innovation awareness of the workforce
(Indrawati and Kuncoro, 2021). This will encourage companies to
focus more on technological innovation and green development,
driving the industrial transition towards low-carbon and
environmentally friendly directions and reducing carbon
emissions. Secondly, education investment can drive the
development of green industries. Through cultivating and
attracting talent, education investment can strengthen support
and guidance for green industries. Green industries encompass
clean energy, energy conservation and environmental protection,
and circular economy sectors, which are crucial for reducing carbon
emissions (Shaikh, 2017). Education investment can provide
relevant professional knowledge and skill training, foster
professionals needed in green industries, and promote their
development and growth. At the enterprise level, education
investment can make companies more aware of their
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environmental responsibilities, driving them to adopt emission
reduction measures and green production methods, thereby
upgrading the industrial structure and reducing carbon emissions
(Cui et al., 2023).

Therefore, we propose hypothesis 4 in this paper: Education
investment can suppress carbon emissions by influencing energy
structure and industrial structure.

The impact of education investment on carbon emissions is a
complex issue involving multiple factors in the economy,
environment, and society (Yang et al., 2021). Therefore, it is
necessary to study this issue from different theoretical
perspectives. The classical economic school and the Marxist
political economy school are two important economic schools,
each with its own perspective on economic phenomena and
social issues. These two schools of thought provide distinct
perspectives and analytical approaches in examining the influence
of education investment on carbon emissions. Despite their differing
fundamental assumptions and analytical methods, both schools
offer valuable insights and viewpoints regarding the correlation
between education investment and carbon emissions. The
classical economic school emphasizes the role of market
mechanisms and free competition, arguing that investing in
education can improve human capital quality and skills, leading
to higher economic growth rates, reduced demand for and
consumption of natural resources, and lower carbon emissions.
This viewpoint emphasizes the dual role of education investment
in economic development and environmental protection. The
Marxist political economy school, on the other hand, focuses on
class struggle and production relations, highlighting the exploitation
and inequality under the capitalist system and proposing solutions
through socialist revolution and the establishment of public
ownership of the means of production. From this perspective,
education investment can improve the awareness and organizing
ability of the working class, promote the development of class
struggle, and ultimately drive socialist revolution and the
establishment of public ownership of the means of production,
achieving environmental protection and sustainable development
(Shen et al., 2023). This viewpoint emphasizes the importance of
education investment in social change and environmental
protection. By comparing the viewpoints of different economic
schools on the relationship between education investment and
carbon emissions, we can gain a more comprehensive and in-
depth understanding, which is helpful for formulating more
scientific and effective policies and measures to achieve the dual
goals of economic growth and environmental protection. Therefore,
this literature review and hypothesis proposed in this article will
revolve around the theories of these two economic schools (Shen
et al., 2024).

3 Methodology and data

3.1 Methodology

3.1.1 OLS panel regression model construction
In order to explore the impact of education investment on

carbon emissions, this article constructs a benchmark model
regression, as shown in formula 1:

lnco2 it � a0 + β1lneducationit + β2dfinanceit + β3eriit

+ β4genvironmentit + β5lntreeit + β6lnbankit + β7lngdpit

+ εit
(1)

In formula (1), i represents the region and t represents the year;
lnco2 is the core explained variable, representing carbon dioxide
emissions; lneducationit is the core explanatory variable,
representing the level of education investment; dfinance
represents digital inclusive finance index; eri represents the
intensity of environmental regulation; lntree represents urban
green space area; ln gdp represents gross domestic product of a
certain region; lnbank represents the balance of bank deposits and
loan; genvironment represents local government ecological
attention; β1 ~ β7 represents variable coefficient; a0 represents a
constant term; ε is a random error term.

3.1.2 Construction of static space Durbin model
The spatial Durbin model is an advanced spatial econometric

model that enhances and expands upon the traditional Durbin
model. Unlike the traditional Durbin model, which only takes into
account the interactions among independent variables, the spatial
Durbin model incorporates spatial interactions among the
independent variables. Specifically, the spatial Durbin model
divides the independent variables into two parts: endogenous
variables and exogenous variables. The endogenous variables
are influenced both by themselves and by spatially adjacent
regions; the exogenous variables are influenced only by
themselves. This design allows the model to consider the
spatial interactions between regions and is closer to the actual
situation. The spatial Durbin model allows for the examination of
the relationship between education investment and carbon
emissions, taking into consideration the interplay between
different regions.

In order to investigate the spatial impact of education
investment on carbon emissions, this article constructs a Spatial
Durbin Model (SDM), as shown in formula (2).

lnco2 it � ρ∑
n

j�1
Wijlnco2jt + βlneducationit + θ∑

n

j�1
Wijlneducationjt

+ λXit + μi + λt + εit

(2)

In Eq. 2, the variable i represents the geographical area, while t
represents the year. W is an n × n spatial weight matrix that
accounts for the geographical distances between regions. The
coefficient ρ captures the spatial autocorrelation of the
explained variable, indicating the potential spatial correlation
between regions. The coefficient β represents the regression
coefficient of the explanatory variables, measuring their impact
on the explained variables within each region. The coefficient θ
captures the spatial regression coefficient of the explanatory
variables, indicating the spatial spillover effect of these
variables. Xit refers to the control variables, including the
digital inclusive finance index, environmental regulation, urban
green space area, gross domestic product of a specific region, the
balance of bank deposits and loans, and local government
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ecological attention. μi represents the spatial fixed effect, λt
represents the time fixed effect, and εit represents the
random error term.

3.1.3 Construction of dynamic spatial
Durbin model

The dynamic spatial Durbin model is a further development of
the spatial Durbin model, considering the dynamics of time-series
data and spatial interrelationships. It can better describe the time
series and spatial correlations between the independent and
dependent variables, and is suitable for studying urban planning,
economic growth, environmental pollution, and other aspects.
When studying the impact of education investment on carbon
emissions, the dynamic spatial Durbin model can more
comprehensively consider the time-series and spatial correlations
between education investment and carbon emissions. Firstly, it takes
time for investment in education to accumulate to have an impact on
environmental protection, and it takes time for carbon emissions to
accumulate as well, so the relationship between the two is dynamic;
secondly, investment in education and carbon emissions can have
different impacts in different regions. Due to regional variations in
environmental issues and economic conditions, the impact of
education investment on carbon emissions can differ
significantly. To provide governments and enterprises with more
precise environmental protection policies and investment plans, it is
crucial to analyze this impact accurately, considering changes in
time, space, and other influencing factors. The dynamic spatial
Durbin model offers a more comprehensive approach to studying
this relationship. However, there is currently limited research
utilizing this model to investigate the impact of education
investment on carbon emissions. Therefore, this study aims to fill
this gap by constructing a dynamic spatial Durbin model to examine
the impact of education investment on carbon emissions across
266 cities in China.

To comprehensively examine the impact of education
investment on carbon emissions, this study utilizes a dynamic
spatial Durbin model regression that incorporates both temporal
and spatial dimensions. The specific model is represented by Eq. 3:

lnco2 it � τlnco2j,t−1 + δWijlnco2j,t−1 + ρWijlnco2jt + β1lneducationit
+ θ1Wijlneducationjt + β2Xit + θ2Xit + μi + λt + εit

(3)
In Eq. 3, i represents area, t denotes year; W is n × n order

geographical distance spatial weight matrix; ρ is the spatial
autocorrelation coefficient of the explained variable to measure
the possible spatial correlation of the explained variable between
regions; β is the regression coefficient of explanatory variables,
which measures the influence of explanatory variables on
explained variables in the region; θ is the spatial regression
coefficient of explanatory variables to measure the spatial
spillover effect of explanatory variables; lnco2j,t−1 represents the
first-order lag term of the dependent variable in region i; δ
Represents the spatiotemporal lag coefficient of the dependent
variable; Xit denotes control variables, include digital inclusive
finance index, environmental regulation, urban green space area,
gross domestic product of a certain region the balance of bank
deposits and loan, local government ecological attention; μi is the

spatial fixed effect, λt is the time fixed effect, εit is a
random error term.

3.1.4 Construction of mediating effect
In order to explore the mediating role of energy structure and

industrial structure in the impact of education investment on carbon
emissions in the future, this article draws on James H. Sobel (2008)
and Jiang Ting (2022) to construct a mediating effect model, as
shown in formulas (4)–(7):

lneducationit � a0 + β1energyit + β2dfinanceit + β3eriit

+ β4genvironmentit + β5lntreeit + β6lnbankit

+ β7lngdpit + εit (4)
lnco2 it � a0 + β1energyit + β2lneducationit + β3dfinanceit + β4eriit

+ β5genvironmentit + β6lntreeit + β7lnbankit + β8lngdpit

+ εit
(5)

lneducationit � a0 + β1indus10it + β2dfinanceit + β3eriit

+ β4genvironmentit + β5lntreeit + β6lnbankit

+ β7lngdpit + εit (6)
lnco2 it � a0 + β1indus10it + β2lneducationit + β3dfinanceit + β4eriit

+ β5genvironmentit + β6lntreeit + β7lnbankit + β8lngdpit

+ εit
(7)

Among them, energyit represents the energy structure, and
indus10it represents the industrial structure.

3.2 Variable description and data source

3.2.1 Explained variable
The explained variable in this model is carbon emissions (CO2).

Carbon emissions are determined by the utilization of 10 different
energy sources in each area, including crude coal, coke, unrefined
petroleum, gas, lamp oil, diesel, fuel oil, natural gas, liquefied
petroleum gas, and electricity (Jiang et al., 2022). The calculation
method for carbon emissions is as follows:

CO2i,t � ∑
10

j�1
CO2itj � ∑

10

j�1
Eitj × Qj ×

44
12

(8)

In Eq. 8, CO2it represents the total carbon emissions of
province i in year t, while “CO2itj” represents the total carbon
emissions from energy source j in province i in year t. “ Eitj”

represents the energy consumption of energy source j in
province i in year t. “ Qj” is the carbon dioxide emission
coefficient for energy source j, which follows the IPCC
standard, and " CO2” is used to represent carbon emissions.
To address heteroscedasticity and reduce data fluctuations in the
empirical analysis, the natural logarithm of CO2 is used. The data
used in this study is obtained from the Public Environment
Research Center, where researchers can find the annual carbon
dioxide emissions of various cities in China (Public Environment
Research Center, 2020).
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3.2.2 Core explanatory variable
The core explanatory variable in this study is education

investment. Education investment refers to the total resources,
including human, material, and financial resources, that a
country or region invests in education for its development. Due
to the lack of suitable statistical indicators to quantify the human
and material resources invested in education activities, and
considering the dominant position of state financial allocation in
education investment, this paper takes reference from the practice of
many scholars and selects the state financial investment in education
in 266 cities from 2009 to 2020, which mainly includes education
utility fees, investment in education infrastructure and other
additional expenditure (Madani, 2019). The data is sourced from
the “China Urban Statistical Yearbook”On this website, scholars can
check the annual education investment amount of local
governments in various cities in China, which can be found in
Sections 2–11 of the annual yearbook.

3.2.3 Mediating variable
(1) Energy structure (energy)

This study introduces “energy structure” as another important
mediating variable for research. It is defined as the proportion of
traditional energy sources (such as coal, oil, and natural gas) in
urban energy consumption. This indicator reflects the types and
sustainability of energy usage in cities, holding significant
environmental protection and economic implications. Data from
the “China City Statistical Yearbook” and prefecture-level statistical
bulletins are used to calculate the proportion of traditional energy
sources in total energy consumption for each city, thereby analyzing
the role of urban energy structure in the mechanism of the impact of
educational investment on carbon emissions.

There are several reasons for choosing energy structure as the
mediating variable between education investment and carbon
emissions: (1) Energy structure is a direct influencing factor of
carbon emissions, which refers to the proportion of different
types of energy in energy consumption in a country or region,
such as coal, oil, natural gas, and renewable energy. The use of
traditional fossil fuels such as coal and oil is the main source of
carbon emissions, while clean energy sources such as wind, solar,
and hydropower help reduce carbon emissions. Therefore, the
energy structure directly determines the level of carbon
emissions. (2) Education investment promotes the
optimization of energy structure, and can cultivate a large
number of talents with clean energy technology and
management capabilities, promoting the research and
application of clean energy technology. For example, higher
education and research institutions can develop more efficient
clean energy technologies through technological innovation,
reducing dependence on traditional fossil fuels. In addition,
education can raise public awareness of environmental
protection, encourage them to choose more environmentally
friendly energy consumption methods in their daily lives, and
thus promote the optimization of energy structure. (3) The
change in energy structure reflects the indirect effect of
education investment, and the impact of education investment
on carbon emissions is often indirect, while the change in energy
structure is a quantifiable mediating variable. By analyzing the

changes in energy structure, we can gain a clearer understanding
of how education investment achieves carbon reduction by
optimizing the energy structure. For example, increasing
research and application of clean energy technologies can
directly reduce the use of high carbon energy sources such as
coal and oil, thereby lowering carbon emissions. (4) The
adjustment of energy structure is in line with national policy
guidance. In the process of achieving carbon neutrality goals, the
Chinese government has introduced a series of policies to
promote the adjustment of energy structure. For example,
promoting the “Carbon Peak Action Plan” and the
“Renewable Energy Development Plan”. Education investment
can effectively support the implementation of these policies and
promote the adjustment and optimization of energy structure by
cultivating professional talents in relevant fields and enhancing
public environmental awareness.

(2) Industrial structure (indus10)

This paper defines “industrial structure” as the proportion of the
tertiary industry in the total industry. The tertiary industry, also
known as the service industry, includes sectors such as finance,
education, healthcare, and retail, which often have higher labor
productivity and economic contribution. Therefore, the proportion
of the tertiary industry is usually regarded as an important indicator
of economic modernization and urbanization levels. The data used
in this study are derived from the “China City Statistical Yearbook”
specifically focusing on the economic value added of the service
industry and the total industry in various prefecture-level cities. This
data aims to provide insights into the industrial structure
characteristics of different cities.

There are several reasons for choosing industrial structure as the
mediating variable between education investment and carbon
emissions: (1) The close relationship between industrial structure
and carbon emissions. Industrial structure refers to the proportion
and layout of various industries (such as agriculture, industry, and
services) in economic activities of a country or region. Traditional
industries with high energy consumption and emissions are the
main sources of carbon emissions, while service and high-tech
industries typically have lower carbon emissions. Therefore, the
industrial structure directly affects the overall level of carbon
emissions. (2) Education investment promotes the optimization
and upgrading of industrial structure, and can drive technological
progress and industrial upgrading in the economy. By enhancing the
skill level and innovation ability of workers, education can promote
the transformation and upgrading of traditional industries, reduce
the proportion of high energy consuming and high emission
industries, and increase the proportion of high-tech industries
and service industries. For example, higher education and
vocational education can cultivate high skilled talents and
promote the development of manufacturing towards high added
value and low emissions. (3) Changes in industrial structure reflect
the indirect effects of education investment, and the impact of
education investment on carbon emissions is often indirectly
realized through multiple channels, with industrial structure
changes being a significant mediating variable. Analyzing changes
in industrial structure can provide a clearer understanding of how
education investment can achieve carbon emissions reduction by
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promoting industrial structure optimization. For example,
education has improved the quality of the labor force, promoted
technological progress, and thus promoted the transformation of the
industrial structure towards low-carbon direction. (4) The
adjustment of industrial structure is in line with the national
economic development strategy, and the Chinese government
emphasizes the optimization and upgrading of industrial
structure in promoting high-quality economic development. For
example, both the “14th Five Year Plan” and the “Manufacturing
Power Strategy” emphasize the need to vigorously develop high-tech
industries and reduce high energy consuming and high emission
industries. Education investment can effectively support the
implementation of these strategies and promote the optimization
and upgrading of industrial structure by cultivating talents in related
fields and enhancing innovation capabilities.

3.2.4 Control variable
(1) Digital inclusive finance index (dfinance)

The China Digital Inclusive Finance Index, compiled by the
Digital Finance Research Centre of Peking University, evaluates
the level of development of digital inclusive finance in countries.
It takes into account various aspects such as digital payment,
digital credit, digital insurance, and digital investment. By
combining these aspects, the index provides a comprehensive
measure of digital inclusive finance development, which can be
used to assess the level of development in different countries. The
index aims to offer an objective, detailed, and comprehensive
assessment that accurately reflects the development and
inclusiveness of digital finance in China. There is a correlation
between digital inclusive finance and carbon emissions. The
development of digital inclusive finance can contribute to
economic development and social progress while also helping
to reduce carbon emissions across all sectors. If the digital
inclusion index is high, people can access financial services
more easily, which is conducive to investment in education
and also helps businesses to grow, thus reducing carbon
emissions; and reducing the use of paper through online
payments, e-billing and e-contracts can also reduce carbon
emissions. Therefore, if digital inclusive finance is not used as
a control variable, its impact on carbon emissions may be
overlooked, thus leading to inaccurate research findings, so
this paper uses digital inclusive finance as a control variable in
this paper. The data is sourced from the Digital Finance Research
Center of Peking University (2020).

(2) Environmental regulation (eri)

The environmental regulation index is used by regulatory
authorities to guide the establishment and implementation of
enterprises, reduce pollutant emissions, and achieve
environmental protection and first-class economic development.
In this study, the emissions of contemporary wastewater,
contemporary sulfur dioxide, and contemporary residue are
utilized to calculate the whole index of regional environmental
indicators (Cao et al., 2022). Environmental regulation and
carbon emissions are correlated. The stringency of environmental
regulations directly influences the productionmethods and emission

levels of companies, thus impacting carbon emissions. Therefore, it
is essential to consider environmental regulation as a control
variable in order to analyze its influence on carbon emissions.
For example, if environmental regulations are more stringent,
firms will increase their investment in environmental facilities
and research and development of environmental technologies,
thereby reducing carbon emissions. Conversely, if environmental
regulations are less stringent, firms may choose to reduce their
environmental investments and increase their carbon emissions. If
environmental regulation is not included as a control variable, its
effect on investment in education and carbon emissions may be
ignored, leading to inaccurate findings of the study. Therefore, when
studying the impact of education investment on carbon emissions,
environmental regulation needs to be included as a control variable
in order to eliminate its impact on education investment and carbon
emissions. The raw data for calculating the environmental
regulation index, such as emissions of wastewater, contemporary
sulfur dioxide, and residues, can be obtained from the China Urban
Statistical Yearbook.

(3) Local government attention to the ecological
environment (genvironment)

In this paper, we use the number of times ecological
environment appears in each local government report to indicate
the level of local government attention to the ecological
environment, following the practice of scholars such as Chen
et al. (2018) and Shen et al. (2023). Local government’s
ecological attention was selected as a control variable due to its
impact on ecological protection and carbon emissions. When local
governments prioritize the ecological environment, they tend to
invest more in environmental protection facilities and enhance their
oversight of enterprises. This, in turn, promotes the development of
ecological environmental protection and reduces carbon emissions.
Consequently, including local government’s ecological attention as a
control variable helps to mitigate its influence on the relationship
between education investment and carbon emissions, thereby
enhancing the accuracy of the study. The data is sourced from
the third-party data platform PIPIXIA1 (2020), which uses Python to
extract text from various local government reports. The specific
content is shown in Table 1.

(4) Urban green space (lntrear)

The urban green space area represents the amount of green
space within each city, encompassing various types such as public
green spaces, residential green spaces, flat green spaces, road green
spaces, and park green spaces. As a sub-system of the urban
ecosystem, urban green space actively contributes to maintaining
the ecological balance of the city. It was selected as a control variable
because it plays a crucial role in absorbing carbon dioxide and
reducing carbon emissions. In addition, urban green space can also
affect the air quality and environmental quality of a city, and

1 This data belongs to paid data and can be sought from the author

if needed.
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therefore the level of carbon emissions. For example, if urban green
space is not controlled for in a study, the effect of urban green space
on the relationship between investment in education and carbon
emissions may be overlooked, leading to inaccurate findings.
Therefore, controlling for urban green space can help improve
the accuracy of the study. The data is sourced from the China
Urban Statistical Yearbook. On this website, scholars can query the
number of green space areas in various cities in China for each year.
For details, please refer to Sections 2–5.

(5) Financial institutions’ deposits and loans (lnbank)

The number of deposits and loans of financial institutions
reflects the extent to which financial services support economic
development. A high level of financial institution deposits and
loans indicates that financial institutions are providing significant
financial support for education investment and enterprise
development, which is conducive to education investment and
enterprise development, thereby reducing carbon emissions. For
example, if financial institutions have a high level of savings and
loans, enterprises can more easily obtain financing support,
which can accelerate technological upgrading and
environmental protection facilities and help reduce carbon
emissions. Furthermore, financial institutions play a vital role
in promoting sustainable economic development by providing
financial support for technological innovation and the
construction of environmental protection facilities in
enterprises, leading to a reduction in carbon emissions.
Consequently, controlling the deposit and loan activities of
financial institutions helps to eliminate their influence on the
relationship between education investment and carbon
emissions, thus enhancing the accuracy of the study. The data
is sourced from the China Urban Statistical Yearbook. On this
website, scholars can query the bank deposits and loans of various
cities in China for each year. For details, please refer to
Sections 2–13.

(6) Gross regional product (lngdp)

The gross regional product (GRP) serves as a crucial indicator of
economic development and is a factor that influences carbon
emissions. While a high GDP signifies advanced economic
development, it can also result in increased energy consumption,
environmental pressures, and subsequently, higher carbon
emissions. For instance, regions with a high GDP tend to witness
an upsurge in production scale and energy consumption by
enterprises, potentially leading to elevated carbon emissions.
Additionally, regional GDP holds significance as an economic
indicator. Therefore, considering the role of regional GDP when
examining the impact of education investment on carbon emissions
helps in delving deeper into the role of education investment in
balancing economic development and environmental protection.
Failing to account for the influence of regional GDP and solely
focusing on education investment itself may yield biased study
findings. Hence, incorporating regional GDP as a control variable
allows for a more comprehensive assessment of the impact of
education investment on carbon emissions. It also facilitates the
formulation of more reasonable policy recommendations to
promote the harmonious development of the economy and the
environment. The data utilized in this study is sourced from the
China Urban Statistical Yearbook. On this website, scholars can
query the GDP of various cities in China for each year. For details,
please refer to Sections 2–9.

(7) Number of green patents (lngreenzl)

This refers to the total number of inventions, utility model and
design patents in each city on the subject of green technologies, and
is chosen to measure the innovation capacity of the city. Green
technology patents refer to patents related to environmental
protection, such as technological innovations in energy
conservation and renewable energy. The development and
application of these technologies can reduce carbon emissions

TABLE 1 Local government ecological environment attention text keywords.

Category Keyword

Environmental protection Environmental protection, environmental protection, environmental protection, pollution prevention and control,
pollution control, pollution control, greening, green development, low-carbon, emission reduction, ecology, sewage
treatment, sewage treatment Environmental impact assessment, environmental supervision

Environmental pollution Pollution, pollution discharge, chemical oxygen demand, sulfur dioxide, carbon dioxide, particulate matter, PM2.5,
ammonia nitrogen, nitrogen oxides, air pollution, pollutants, dust, waste, garbage, emissions, air, chemical oxygen
demand, sulfur dioxide, carbon dioxide, PM10, haze, greenhouse gases

Energy consumption category Water consumption, energy consumption, consumption, resources, conservation, intensification, energy, new energy,
clean energy, coal to electricity, coal to gas, central heating, reuse, recycling, renewable

Collaborative development and environmental
governance

Beijing-Tianjin-Hebei, coordinated environmental protection, coordinated development, coordinated governance,
interdepartmental cooperation, public participation, border areas, sharing, transfer, joint prevention, joint control,
joint governance, regional coordinated development, integrated watershed management, regional cooperation,
complementary advantages, win-win cooperation, joint promotion, collaborative protection, coordinated pollution
control

Other categories Blue sky, clear water, pure land, green space, forest, river length, river length system, lake length system, lake length
system, left green, left blank, livable, tree planting, afforestation, green water and green mountains, blue sky and white
clouds, ecological barriers, water source conservation, soil and water conservation, development, soil, returning
farmland to forest, natural forest
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and promote environmental protection. Therefore, the number of
green technology patents can also be used as an indicator of the level
of environmental protection, as well as one of the factors affecting
carbon emissions. If the number of green technology patents is high,
it indicates a high level of environmental protection in the region,
which may lead to a reduction in carbon emissions. For example, if
the number of green technology patents is high, companies may
adopt more environmentally friendly technologies in their
production processes, which may lead to a reduction in carbon
emissions. In addition, green technology patents are an important
indicator of the level of innovation, so considering the role of green
technology patents when studying the impact of investment in
education on carbon emissions can also help to explore in depth
the role of investment in education in terms of environmental
protection and technological innovation. If the impact of
education investment on carbon emissions is only considered in
terms of education investment itself, while the impact of green
technology patents is ignored, it may lead to biased research
findings. Hence, incorporating green technology patents as a
control variable enables a more comprehensive evaluation of the
impact of education investment on carbon emissions. This approach
facilitates the formulation of more reasonable policy
recommendations to foster the harmonious development of the
economy and the environment. The data utilized in this study is
obtained from the China National Intellectual Property
Administration (2020). Scholars can access the website to retrieve
the number of green technology patents for each year and city in
China by manually entering the desired year and region for inquiry.

3.3 Descriptive statistics

The reasons for selecting the time period from 2009 to 2020 are
as follows:1. Energy structure transformation: China has been
promoting the transformation of its energy structure during this
period, increasing the development and utilization of clean energy.
With the increasing share of renewable energy, the impact of
education investment on carbon emissions may change.
Analyzing the data can provide a deeper understanding of
whether education investment plays a positive role in promoting
the development of clean energy and its effects during the
transformation process. 2. Sustainable development progress:
China’s sustainable development progress has been rapidly
advancing during this period, and sustainable development has
had a significant impact on carbon emissions. Education
investment plays an important role in sustainable development.
In 2012, the Development Research Center of the State Council of
China issued the “Agenda 21 of the People’s Republic of China on
Sustainable Development,” which aims to promote sustainable
development and proposes a series of principles and measures.3.
Education policies and environmental awareness: In 2010, the State
Council of China issued the “National Medium- and Long-term
Educational Reform and Development Plan (2010-2020)," which
sets out the overall goals and key tasks for the development of
education. It emphasizes promoting the sustainable development of
education and focuses on cultivating environmental awareness and
sustainable development capabilities. At the same time,
environmental awareness in Chinese society has been increasing,

and people have a deeper understanding of the importance of
environmental protection. Studying the impact of education
investment on carbon emissions can evaluate the role of
education policies in environmental protection and sustainable
development, and explore the influence of education investment
on shaping public environmental awareness and behaviors. In
conclusion, selecting the data from 2009 to 2020 to study the
impact of education investment on carbon emissions, and
conducting specific analyses from the perspectives of energy
structure transformation, sustainable development progress,
education policies, and environmental awareness, will help
deepen our understanding of the mechanisms and effects of
education investment on carbon emissions. This will provide a
scientific basis for formulating targeted policies and measures.

In order to have a clearer understanding of each variable, this
article has created a variable summary table to represent it, as shown
in Table 2:

The original data sources of all variables were listed when
explaining the variables, and the author collected, organized, and
processed the data of each variable2. In order to ensure the scientific
accuracy of the empirical analysis and to reduce the impact of
heteroskedasticity of the variables, the data on carbon dioxide
emissions, investment in education, urban green areas, gross
domestic product of each region, bank deposit and loan balances
and the number of green patents were logarithmically processed.
Table 3 presents the descriptive statistics for each variable. It is
evident that the lnco2 variable exhibits substantial variation across
regions, with a maximum value of 18.192 and a minimum value of
11.587. This indicates significant disparities in carbon emissions
among different regions, highlighting the presence of pronounced
geographical differences. Given these findings, it becomes crucial to
conduct a regional heterogeneity study when examining the impact
of education investment on carbon emissions. This approach allows
for a more comprehensive analysis that takes into account the
diverse characteristics and circumstances of different regions.

4 Results and discussion

4.1 Data stability test

4.1.1 Unit root test
Many times series data exhibit non-stationary trends and there

may not be a direct link between these series, but they may exhibit
common trends. Therefore, if we perform a regression analysis
between these series, a spurious or pseudo-regression may occur,
even if the regression results have a high goodness of fit (R2), which
is not practically meaningful. To avoid this, we must test the data for
stationarity, of which the most used method is the unit root test. For
panel data, i.e., data consisting of time and individuals, we need to
perform unit root tests as well, especially when dealing with macro
data. Therefore, in this paper, unit root tests were conducted for the
variables involved, including FISHER, LLC, IPS and HADRI, and
the results showed that all variables passed more than three unit root

2 The processed empirical data can be provided by the author.
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tests, proving that the data for these variables are stationary and can
be subjected to subsequent regression studies. The specific
inspection results can be seen in Table 4.

4.1.2 The cointegration test
The Cointegration Test is a modeling and theoretical analysis

method that combines spatial structure and temporal dynamics
through vector autoregressive analysis of time series. It was first

proposed by Granger (1987) and aims to determine whether the
regression equation’s causal relationship is a spurious regression,
i.e., whether there exists a stable relationship between the variables.
Cointegration tests are particularly valuable for testing causality in
non-stationary series. Passing a cointegration test indicates the
presence of a stable equilibrium relationship between the
variables over time, with stationary residuals in their equations.
This provides a solid foundation for subsequent regression analysis.
In this study, we conducted a panel cointegration test using Kao,
Pedroni, and Westerlund types. The results, presented in Table 5,
indicate that all three tests are significant at the 1% level. This
confirms the existence of a long-term stable equilibrium relationship
between the variables considered in this study, establishing a reliable
basis for subsequent regression analysis.

4.2 Benchmark regression

We first used the Hausman test to verify whether to use the fixed
effects model. The results, as shown in the Hausman test in column
(1) of Table 6, yielded a Hausman statistic of 327.31, which is
significant at a 1% level. This indicates that the fixed effects
regression model should be used. Therefore, this study
empirically examined the impact of education investment on
carbon dioxide emissions in 266 cities across the country using

TABLE 2 Variable summary table.

Variable Define Data sources

Carbon Dioxide Emission The measure of carbon emissions is determined by the utilization of
10 energy sources in every area, including crude coal, coke,
unrefined petroleum, gas, lamp oil, diesel, fuel oil, flammable gas,
melted oil gas, and power

Public Environment Research Center

Education Investment Education investment refers to the total resources, including
human, material, and financial resources, that a country or region
invests in education for its development

China Urban Statistical Yearbook

Energy Structure It is defined as the proportion of traditional energy sources (such as
coal, oil, and natural gas) in urban energy consumption

China Urban Statistical Yearbook

Industrial Structure This paper defines “industrial structure” as the proportion of the
tertiary industry in the total industry

China Urban Statistical Yearbook

Digital Inclusive Finance Index The China Digital Inclusive Finance Index, compiled by the Digital
Finance Research Centre of Peking University, evaluates the level of
development of digital inclusive finance in countries

Digital Finance Research Center of Peking University

Environmental regulation The emissions of contemporary wastewater, contemporary sulfur
dioxide, and contemporary residue are utilized to calculate the
whole index of regional environmental indicators

China Urban Statistical Yearbook

Local government attention to the
ecological environment

The number of times ecological environment appears in each local
government report to indicate the level of local government
attention to the ecological environment

The data is sourced from the third-party data platform PIPIXIA,
which uses Python to extract text from various local government
reports

Urban green space The amount of green space China Urban Statistical Yearbook

Financial institutions’ deposits and
loans

The number of deposits and loans of financial institutions reflects
the extent to which financial services support economic
development

China Urban Statistical Yearbook

Gross regional product gross regional product China Urban Statistical Yearbook

Number of green patents Green technology patents refer to patents related to environmental
protection, such as technological innovations in energy
conservation and renewable energy

China National Intellectual Property Administration

TABLE 3 Descriptive statistics.

Variable Obs Mean SD Min Max

lnco2 3,192 15.570 0.917 11.587 18.192

lneducation 3,192 13.025 0.867 0 16.248

dfinance 3,192 144.647 93.198 80.420 334.478

eri 3,192 0.953 1.235 32.865 32.865

genvironment 3,192 0.017 .004 0 89.600

lntreear 3,192 8.110 1.553 0 18.750

lnbank 3,192 16.368 1.239 0 20.513

lngdp 3,192 16.324 2.033 0 19.774

lngreenzl 3,192 5.033 1.723 0 10.454
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the fixed effects model, as shown in column (1) of Table 6. To
address issues such as heteroscedasticity, within-group
autocorrelation, and cross-sectional contemporaneous correlation

in panel data, this study conducted corrective research using the
PCSE model and FGLS model to modify the benchmark model. The
regression results, presented in columns (2) and (3) of Table 6, show
that the modified results are consistent with the benchmark
regression results, confirming the robustness and reliability of the
benchmark results. Additionally, this study conducted variance
inflation factor (VIF) analysis to address multicollinearity among
variables, as shown in column (4) of Table 6. The VIF values for all
variables were below 5, indicating that multicollinearity has a
minimal impact on the benchmark regression results and further
confirming their robustness.

The Ordinary Least Squares (OLS) regression model demonstrates
a strong goodness of fit, with an R2 value of 0.988. This high value
indicates that the regression model is well-suited and justifies its
construction. Analyzing the regression results in column (1) of
Table 6, we observe a significant and negative coefficient
of −0.067 for the impact of education investment on carbon
emissions. This coefficient is significant at the 1% level, suggesting
that an increase in government investment in education is associated

TABLE 4 Unit root test.

Unit root test lnco2 lneducation dfinance eri genvironment

FISHER Inverse chi-squared 3,334.048*** 2,899.573*** 68.421 742.850*** 1,010.766***

Inverse normal −37.849*** −25.905*** 25.664 −0.568 −4.984***

Inverse logit t −54.840*** −42.954*** 26.586 −2.349*** −7.574***

Modified inv. chi-squared 85.902*** 72.583*** −14.212 6.464*** 14.678***

LLC Adjusted t −2.100*** −29.477*** −29.055*** −28.940*** −31.433***

IPS W-t-bar −16.965** −4.424*** −6.546*** −7.790*** −1.905***

HADRI z 36.015*** 42.399*** 33.329*** 37.012*** 36.749***

Unit root test lntreear lnbank lngdp lngreenzl indus10

FISHER Inverse chi-squared 1,321.600*** 6,128.229*** 1,551.897 821.452*** 861.130***

Inverse normal −4.637*** −44.375*** −14.195*** 0.169 −0.966

Inverse logit t −11.887*** −95.879*** −19.307*** −2.275** −3.795***

Modified inv. chi-squared 24.207*** 171.563*** 31.267*** 8.874*** 10.090***

LLC Adjusted t −35.729*** −34.539*** −16.197*** −24.968*** −22.400***

IPS W-t-bar 2.832*** 1.480*** −8.598*** 0.173 4.961

HADRI z 35.300*** 42.463*** 44.923*** 35.545*** 34.390***

Unit root test energy

FISHER Inverse chi-squared 861.827***

Inverse normal 7.109

Inverse logit t 4.042

Modified inv. chi-squared 10.112***

LLC Adjusted t −42.706***

IPS W-t-bar 0.730***

HADRI z 37.156***

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

TABLE 5 Panel cointegration tests.

Panel cointegration tests Statistic p-value

Kao Modified Dickey-Fuller t −33.740 0.000

Dickey-Fuller t −54.872 0.000

Augmented Dickey-Fuller t −12.081 0.000

Unadjusted modified Dickey-Fuller t −23.182 0.000

Unadjusted Dickey-Fuller t −55.141 0.000

Pedroni Modified Phillips-Perron t 29.398 0.000

Phillips-Perron t −14.117 0.000

Augmented Dickey-Fuller t −11.887 0.000

Westerlund Variance ratio 36.545 0.000
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with a decrease in carbon emissions. This finding supports the notion
that investment in education has a dampening effect on carbon
emissions. This is not difficult to understand; an increase in
government investment in education will increase public awareness
of environmental protection and climate change, and promote the
spread and increase of environmental awareness. This will lead to a
greater understanding of the impact of carbon emissions and therefore
a greater appreciation of the importance of reducing carbon emissions.
At the same time, government investment in education can also
encourage people to adopt a more environmentally friendly and
low-carbon lifestyle, such as cycling or walking instead of driving,
reducing energy waste and cutting carbon emissions. These measures
can reduce carbon emissions not only for individuals but also for
society. Therefore, Hypothesis 1 proposed in this paper is validated.

The regression analysis also reveals that digital inclusive finance
(dfinance) has a significant and negative coefficient of −0.001 on
carbon emissions. This coefficient is significant at the 1% level,
indicating that an increase in the level of digital finance development
in China is associated with a suppressive effect on carbon emissions.
In other words, the findings suggest that the advancement of digital
finance can contribute to reducing carbon emissions. This may be
since digital inclusive finance, by virtue of its small and diffuse
financial services characteristics, widens the green financing

channels of enterprises (Qiao et al., 2022), thus motivating them
to engage in green production activities and reduce the carbon
emission intensity in the production process. The regression analysis
reveals a significantly positive coefficient for the financial institution
deposit and loan indicator (lnbank) at the 1% level. This finding
suggests that a higher degree of financial market development is
associated with an increase in local carbon emissions. The positive
coefficient implies that financial development facilitates the growth
of industrial enterprises, leading to an expansion of production and
subsequently higher energy consumption. As a result, the increased
energy consumption contributes to a higher level of carbon
emissions in the region.

4.3 Spatial Durbin model regression analysis

4.3.1 Spatial autocorrelation test
Prior to constructing the spatial model, we calculated the global

Moran index for carbon dioxide emissions (lnco2) and investment in

TABLE 6 Benchmark regression results.

Variable (1) OLS (2) PCSE (3) FGLS (4) VIF

lneducation −0.067*** (0.011) −0.067** (0.030) −0.067*** 4.000

(0.010)

dfinance −0.001*** −0.001* −0.001*** 1.480

(0.0002) (0.0003) (0.0002)

eri −0.003 −0.003 −0.003 1.070

(0.002) (0.003) (0.002)

genvironment 1.161** 1.161 1.161** 1.060

(0.504) (0.958) (0.481)

lntreear 0.004** 0.004 0.004** 1.410

(0.002) (0.003) (0.002)

lnbank 0.053*** 0.053** 0.053*** 4.680

(0.009) (0.023) (0.008)

lngdp −0.0004 −0.0004 −0.0004 1.260

(0.0004) (0.003) (0.001)

con_s 17.623*** 17.623*** 17.623***

(0.112) (0.077) (0.107)

R2 0.988 0.988 -

id yes yes yes

year yes yes yes

obs 3,192 3,192 3,192

Hausman 327.31***

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

TABLE 7 Moran I test results.

Year lnco2 lneducation

2009 −0.060*** −0.031***

(0.002) (0.002)

2010 −0.067*** −0.031***

(0.002) (0.002)

2011 −0.069*** −0.039***

(0.002) (0.002)

2012 −0.069*** −0.034 ***

(0.002) (0.002)

2013 −0.069*** −0.033***

(0.002) (0.002)

2014 −0.069*** −0.035***

(0.002) (0.002)

2015 −0.069*** −0.036***

(0.002) (0.094)

2016 −0.069*** −0.038***

(0.002) (0.002)

2017 −0.069*** −0.038***

(0.002) (0.002)

2018 −0.069*** −0.027 ***

(0.002) (0.002)

2019 −0.069*** −0.043***

(0.002) (0.002)

2020 −0.069*** −0.044***

(0.002) (0.002)

Standard errors in parentheses; *p < 0.1, **p < 0.05, ***p < 0.01.
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education (lneducation) from 2009 to 2020. The spatial matrix used
for this analysis was based on geographic distance. The results are
presented in Table 7. Table 7 shows that the Moran indices for both
CO2 emissions and education investment are significant at the 1%
level of significance between 2009 and 2020. This indicates a strong
spatial autocorrelation, providing justification for constructing a
spatial model for this study.

Looking at the Moran scatter plot in Figure 1, we can see that in
2020, the majority of cities have a negative spatial autocorrelation
between CO2 emissions and investment in education, as the Moran
scatter points fall in the second and fourth quadrants.

4.3.2 Static spaceDurbinmodel and dynamic space
Durbin model regression analysis

This study uses the Dynamic Spatial Durbin Model (DSDM) for
the following reasons: (1) Considering temporal and spatial
dependencies, changes in carbon emissions are not only affected
by current education investments, but also by the lagged effects of
past education investments. The dynamic spatial Durbin model can
capture both temporal dynamic effects and spatial spillover effects
simultaneously. (2) Reflecting spatial interactions, carbon emissions
between cities may have spatial interactions, such as carbon
emission policies, technological innovations, and economic
activities in neighboring cities that may have an impact on the
carbon emissions of their own city. DSDM can effectively capture
and quantify this spatial spillover effect. (3) The complexity of policy
transmission mechanisms and the impact of education investment
on carbon emissions are achieved through various pathways and
mechanisms, such as technological progress and increased public
environmental awareness. These mechanisms are complex in space
and time, and DSDM can more comprehensively reflect these
complex conduction mechanisms.

The spatial Durbin model has the following advantages: (1)
capturing dynamic effects, DSDM can analyze the cumulative and
lagged effects of education investment at different time points,
which helps to understand the long-term impact of education
investment on carbon emissions. (2) Spatial spillover effects, by

introducing spatial weight matrices, DSDM can capture the mutual
influence between neighboring regions and quantify the spillover
effects of education investment and carbon emissions in space. (3)
With higher estimation accuracy, DSDM can consider both
temporal and spatial autocorrelation, making the model
estimation more accurate and avoiding errors caused by
neglecting spatial dependence and time lag effects. (4) Through
DSDM, researchers can identify policy transmission pathways and
differences in effects in different regions, providing scientific basis
for coordinated development and policy formulation
between regions.

Using the dynamic spatial Durbin model to study the impact of
urban education investment on carbon emissions can
comprehensively capture the dynamic effects in time and space,
reflect the interactions between cities, provide more accurate
estimates and profound policy analysis, and provide important
theoretical and empirical support for understanding and solving
carbon emission problems.

Will investment in education in the local region have an impact
on CO2 emissions in neighboring regions? The objective of this
paper is to examine the potential positive or negative effects of
investment in education on carbon dioxide emissions. To achieve
this, both static and dynamic spatial Durbin model regressions were
employed to analyze the spatial spillover effects of education
investment on carbon dioxide emissions. A series of tests were
conducted prior to the spatial Durbin regressions and the results are
shown in Table 8. To determine what type of fixed effects model to
choose, tests were also conducted to determine whether to choose
time fixed, individual fixed or double fixed, where the regression
results for both individual fixed and time fixed were significant at the
1% significance level with coefficients of 221.30 and
11,342.79 respectively, hence the individual and time double fixed
model was chosen for the spatial Durbin model in this paper. On this
basis, to ensure that our choice of spatial Durbin model is
reasonable, the Wald test and the likelihood ratio test were
carried out respectively. The results of these tests were significant
at the 1% significance level, and the original hypothesis that the

FIGURE 1
Moran’s I scatter plot in 2020. (A) Moran index scatter plot for lnco2 in 2020. (B) Moran index scatter plot for lneducation in 2020.
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spatial Durbin model could be reduced to a spatial lagged model
(SLM), or a spatial error model (SEM) was rejected, proving that the
choice of the spatial Durbin model in this paper is reasonable.

Static spatial panel regression and dynamic panel regression are
two commonly used methods for analyzing panel data. Static spatial
panel regression involves the analysis of data from multiple regions
that are fixed in relation to each other at a particular point in time.
This method controls for differences between regions, but cannot
take into account changes over time. Dynamic panel regression
refers to the analysis of data frommultiple regions at multiple points
in time, where the relationship between these regions changes over
time. This method can take into account changes over time, but

cannot control for differences between regions. In practical
applications, both relationships between regions and changes
over time are inevitable. Only a dynamic spatial panel regression
model that considers both space and time can provide a
comprehensive analysis of relationships between regions and
changes over time, leading to more accurate and comprehensive
conclusions. Dynamic spatial panel regression models help to study
the dynamic interactions between regions, such as the linkage effect,
spatial transmission effect and spatial spillover effect between
regions. In addition, dynamic spatial panel regression models can
study temporal heterogeneity, such as changes in time trends and the
effects of time cycles, which cannot be studied in static panel

TABLE 8 Wald and LR test.

lrtest both ind lrtest both time Wald_lag Wald_error LR_lag LR_error

Statistics 221.30 11,342.79 40.22 47.75 102.43 17.48

p-value 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

TABLE 9 Static space Durbin model regression and dynamic space Durbin model regression results.

Static spatial Durbin model Dynamic spatial Durbin model

Model (1) Model (2)

Model (1a) (Main) Model (1b) (Wx) Model (2a) (Main) Model (2b) (Wx)

W*lnco2t−1 - - −2.047*** -

- - (0.172) -

lneducation −0.035*** −0.680*** −0.013*** −0.444***

(0.011) (0.182) (0.005) (0.098)

dfinance 0.000 0.008*** 0.000 −0.001

(0.000) (0.003) (0.000) (0.001)

eri −0.003*** 0.132 −0.001 −0.023**

(0.002) (0.099) (0.001) (0.041)

genvironment 1.378*** 36.024*** 0.302 4.035

(0.461) (11.800) (0.197) (5.098)

lntreear 0.003*** −0.194** 0.001 −0.067*

(0.002) (0.088) (0.001) (0.037)

lnbank 0.035*** −0.226 0.012*** 0.252***

(0.008) (0.184) (0.004) (0.093)

lngdp −0.001*** −0.032* −0.0002 0.002

(0.001) (0.016) (0.0004) (0.007)

rho −1.834*** 1.118***

(0.180) (0.294)

(0.180) (0.294)

sigma2_e 0.009*** 0.002***

Obs 3,192 3,192

Standard errors in parentheses; *p < 0.1, **p < 0.05, ***p < 0.01.
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regression models either. Therefore, in this paper, two models, static
spatial panel regression and dynamic spatial panel regression, were
chosen for comparative analysis, to analyze the impact of education
investment more comprehensively on carbon emissions, and the
specific regression results are shown in Table 9.

Table 9 presents the results of both the static spatial Durbin
model and the dynamic spatial Durbin model. In both models, the
main regression effect (Main) and the spatial spillover effect (Wx) of
investment in education exhibit a suppressive impact on CO2

emissions, with coefficients that are statistically significant at the
1% level. Specifically, in the static spatial Durbin model regression
(Model 1), investment in education demonstrates a dampening
effect on CO2 emissions in both the main effect and the spatial
spillover effect, with coefficients of −0.035 and −0.680 respectively.
Similarly, in the dynamic spatial Durbin model regression (Model
2), investment in education continues to exhibit a dampening effect
on CO2 emissions in both the main effect and the spatial spillover
effect, with coefficients of −0.01. It is worth noting that the absolute
values of the coefficients in the dynamic spatial Durbin regressions
are smaller than those in the static spatial Durbin regressions for
both the main effect and the spatial spillover effect. This indicates
that considering only static spatial panel data may overestimate the
suppressive effect of education investment on CO2 emissions. Thus,
conducting dynamic spatial Durbin model regressions becomes
necessary in order to obtain a more accurate understanding of
the relationship. The dynamic spatial Durbin model is able to
take into account both temporal and spatial dynamics, and is
better able to capture the trends in the dampening effect of
investment in education on carbon emissions than a static model.
Dynamic models require more data and more complex calculations,
so the resulting coefficients are likely to be more conservative and
less suppressive. Comparing the static spatial Durbin model
regression with the dynamic spatial Durbin model reveals a
certain degree of consistency in the results, suggesting greater
robustness. Additionally, when comparing the baseline regression
results with the spatial panel regression results, it becomes evident
that the variables in the baseline regression for non-spatial panel
data exhibit larger effects compared to the spatial Durbin regression.
This indicates that neglecting the spatial spillover effect may lead to
an overestimation of the impact effect. Hence, conducting spatial
model regression becomes necessary to accurately account for the
spatial dynamics.

Through the above analysis, hypothesis 2 of this paper holds
true, that is, investment in education in the region has a suppressive
effect on carbon emissions in neighboring regions and there is a
spatial spillover effect.

4.3.3 Short-term spatial Durbin model regression
and long-term spatial Durbin model
regression analysis

The disparity in results between the short-term and long-term
spatial Durbin model regressions can be attributed to their focus on
different time scales. The short-termmodel examines the immediate
and indirect relationship between education investment and carbon
emissions, while the long-term model delves into the long-term
dynamics between these variables. Since the impact of education
investment may require a certain time lag to become evident, it
becomes challenging to capture the long-term effects of education

investment on carbon emissions in the short-term model.
Conversely, the long-term model provides a more comprehensive
understanding of the role of education investment in environmental
protection by accurately reflecting the long-term impact of
education investment on carbon emissions. In addition, there
may be other differences between short-term and long-term
models, such as factors such as model setup, sample selection,
and control variables. These factors can also affect the estimation
results of the model.

Table 10 presents the results of the dynamic spatial Durbin
model regressions, examining the impact of education investment
on carbon emissions across different time horizons. The short-term
spatial Durbin model regressions focus on the immediate
relationship between the independent and dependent variables.
In this analysis, SR-Direct, SR-Indirect, and SR-Total represent
the short-term direct, indirect, and total effects of education
investment on carbon emissions, respectively. On the other hand,
the long-term spatial Durbin model regressions explore the time-
lagged effects of the independent and dependent variables.
Specifically, they investigate the impact of the independent
variable on the dependent variable over time and vice versa. In
the results of this regression, LR-Direct, LR-Indirect, and LR-Total
represent the long-term direct, indirect, and total effects of
education investment on carbon emissions, respectively. The key
distinction between the short-term and long-term spatial Durbin
model regressions lies in their focus on different time scales. The
short-term model examines the immediate direct and indirect
relationship between education investment and carbon emissions.
In the short term, the total effect of education investment on carbon
emissions is −0.218, comprising a direct effect of −0.012 and an
indirect effect of −0.206. These findings suggest that education
investment in the short term leads to a reduction in carbon
emissions. The indirect effect may be attributed to the promotion
of technological progress and economic development through
increased education levels, thereby contributing to lower carbon
emissions. In contrast, the long-term model explores the long-term
relationship between education investment and carbon emissions. In
the long term, the total effect of education investment on carbon
emissions is −0.109, with a direct effect of −0.015 and an indirect
effect of −0.093.

Why does this phenomenon occur? The reasons can be
explained from the following aspects: (1) The lag effect of
education investment: Education investment usually takes a long
time to take effect. From the investment of educational resources to
the cultivation of talents, and then to these talents applying their
learned knowledge and skills in practical work, this process may take
several years or even decades. Therefore, in the short term, the direct
impact of education investment on carbon emissions will be more
significant, but in the long term, this impact will gradually disperse
and accumulate, showing a relatively small effect. (2) The iteration of
technology and industry: In the short term, technological innovation
promoted through education investment can be quickly applied to
areas that reduce carbon emissions, such as new energy technologies,
energy-saving technologies, etc. However, over time, new
technologies will continue to emerge, and old technologies may
be eliminated or replaced. Therefore, the significant impact of
education investment on carbon emissions in the early stages
may be diluted by the development of new technologies. (3)
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Industrial upgrading and transformation: Education investment can
promote technological upgrading in specific industries in the short
term, thereby reducing carbon emissions. However, over time, the
industrial structure may change, and the impact of education
investment on specific industries may weaken, resulting in
smaller long-term effects. Although the long-term impact of
education investment on carbon emissions is smaller compared
to the short term, it still demonstrates a negative effect. Overall, these
findings highlight the varying effects of education investment on
carbon emissions across different time horizons, providing insights
into the temporal dynamics of this relationship.

In the short term, the direct effect of education investment on
carbon emissions is significantly negative, with a coefficient
of −0.012. However, in the long term, although the direct effect
remains negative, it is not statistically significant. On the other hand,
both the indirect effect and the total effect of education investment
on carbon emissions are significantly negative in both the short and
long term regressions. Notably, the coefficient for the short-term
indirect and total effects is higher than that of the long-term effects.
This suggests that the impact of education investment on carbon
emissions may differ between the short and long term. In the short
term, investment in education may contribute to economic
development and technological progress by improving people’s
skills and knowledge, thereby reducing carbon emissions. This
direct effect is significant because in the short term, economic
growth and technological progress respond relatively quickly, and
investment in education has a relatively rapid impact on these
aspects. However, in the long term, while investment in
education can still have a positive impact on technological
progress and economic development, this impact may be
constrained by other factors, leading to a weaker impact on

carbon emissions. The impact of investment in education on
carbon emissions is complex and needs to be considered and
analyzed from a number of perspectives. For example, while
investment in education may contribute to technological progress
and economic development, thereby reducing carbon emissions, it
may also lead to population growth, urbanization and changes in
consumption habits, among others, whichmay all have an impact on
carbon emissions. It is also possible that the short-term aggregate
effect is greater than the long-term aggregate effect due to the
different time horizons in the models, leading to differences in
the results. Short-term models may focus more on the direct impact
of investment in education on carbon emissions, while long-term
models focus more on the indirect impact of investment in
education on carbon emissions.

Table 10 also reveals that the short-term effects of urban green
space on carbon emissions are more pronounced compared to the
long-term effects. This can be attributed to the direct reduction of
carbon emissions within the city that occurs when urban green space
is increased in the short term. For example, an increase in urban
green space can reduce carbon emissions by absorbing greenhouse
gases such as CO2 from the atmosphere. In addition, urban green
spaces can also reduce temperatures and improve air quality, thus
contributing to health and environmental quality within cities and
further reducing carbon emissions. And in the long term, while an
increase in urban green space can still reduce carbon emissions, this
dampening effect may be constrained by other factors. For example,
with further urbanization and industrialization, carbon emissions
within cities may increase, thus offsetting the suppressive effect of
urban green space. Furthermore, the impact of urban green space on
carbon emissions is influenced by various factors, including urban
planning, management, and maintenance. It is worth noting that the

TABLE 10 Results of OLS panel regression and spatial regression.

Dynamic spatial Durbin model

SR_·Direct SR_Indirect SR_Total LR_Direct LR_Indirect LR_Total

lneducation −0.012*** −0.206*** −0.218*** −0.015 −0.093** −0.109***

(0.004) (0.060) (0.060) (0.031) (0.039) (0.026)

dfinance 0.000 −0.0004 −0.0004 0.000 0.000 −0.0002

(0.000) (0.001) (0.001) (0.000) (0.000) (0.0003)

eri −0.002 −0.012 −0.013 −0.001 −0.005 −0.006

(0.002) (0.020) (0.020) (0.008) (0.012) (0.010)

genvironment 0.290 2.071 2.361 0.307 0.866 1.173

(0.191) (2.728) (2.736) (0.449) (1.382) (1.328)

lntreear 0.001* −0.034* −0.033* 0.001 −0.017* −0.016*

(0.001) (0.018) (0.018) (0.005) (0.010) (0.009)

lnbank 0.012** 0.115** 0.127*** 0.013 0.050* 0.063***

(0.003) (0.048) (0.048) (0.016) (0.026) (0.023)

lngdp −0.0002*** 0.001 0.001 −0.0002 0.001 0.000

(0.0004) (0.003) (0.003) (0.001) (0.002) (0.001)

Standard errors in parentheses; *p < 0.1, **p < 0.05, ***p < 0.01.
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short-term effect of urban green space on carbon emissions is more
significant than the long-term effect. This is likely because, in the
short term, the increase in urban green space directly reduces carbon
emissions within cities. However, in the long term, the suppressive
effect of urban green space may be offset by the processes of
urbanization and industrialization.

4.4 A north-south regional heterogeneity
analysis of the impact of investment in
education on carbon emissions

Table 11 reveals substantial variation in the impact of
education investment on carbon emissions reduction between
the southern and northern regions of the country. Specifically,
in the southern region, there is a notable suppressive effect of
education investment on carbon emissions, as indicated by the
significant coefficients of −0.030 and −2.847 for the main effect
and spatial effect, respectively. Moreover, the spatial spillover
effect of education investment on carbon emissions is
significantly larger than the main effect in the southern region.

In contrast, neither the main effect nor the spatial spillover effect
is significant in the northern region. The reasons for this may be as
follows: firstly, in terms of industrial distribution and production
methods, the northern region is dominated by heavy industry,
including the iron and steel industry, metallurgical industry,
machinery, energy, etc. Such industrial activities are the
material basis for the development of the national economy,
and the government’s environmental controls on their
production activities are more lenient, so the local education
investment will also have a lower conversion rate to green
production technologies. In contrast, the southern region has a
higher proportion of advanced manufacturing and service
industries, which generally pay more attention to energy saving
and emission reduction under stricter environmental controls,
and furthermore, education investment in the southern region is
more likely to promote the upgrading of relevant environmental
protection technologies and the application and promotion of
green energy, facilitating the implementation of energy saving and
emission reduction measures. The southern region tends to use
gas, while the northern region uses more biomass and coal; in
terms of usage, the southern region is dominated by cooking, while

TABLE 11 Analysis of north-south differences in the dynamic spatial Durbin effect.

South North

Model (1a) (Main) Model (1b) (Wx) Model (2a) (Main) Model (2b) (Wx)

W*lnco2t−1 −6.163*** - −1.672***

(0.304) - (0.145)

lneducation −0.030*** −2.847*** 0.0002 −0.045

(0.007) (0.165) (0.008) (0.101)

dfinance 0.0003 0.018*** −0.001** −0.006*

(0.0002) (0.001) (0.0002) (0.003)

eri −0.003** 0.234*** −0.001 −0.079**

(0.002) (0.037) (0.001) (0.028)

genvironment 1.154*** 135.600*** 0.556* 14.280*

(0.258) (5.560) (0.278) (7.099)

lntreear 0.0001 −0.139*** 0.001 −0.100*

(0.001) (0.029) (0.001) (0.046)

lnbank 0.025*** 2.193*** 0.007 0.146

(0.006) (0.125) (0.005) (0.088)

lngdp −0.001 −0.014*** −0.0001 0.005

(0.001) (0.004) (0.001) (0.009)

rho 4.575*** 0.638**

(0.302) (0.278)

0.001*** 0.001***

sigma2_e (0.000) (0.000)

Obs 1,540 1,386

Standard errors in parentheses; *p < 0.1, **p < 0.05, ***p < 0.01.
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the northern region is dominated by heating, and research
shows that carbon emissions are highest for heating purposes.
As a result, the southern region exhibits a comparatively lower
carbon emission intensity, highlighting the pronounced
suppressive effect of education investment on carbon
emissions. Additionally, the southern region generally boasts a
higher level of economic development compared to the northern
region. This translates to a greater abundance of educational
resources and a higher level of talent training in the southern
region. The presence of high-quality talent can optimize the
industrial structure by enhancing the region’s total factor
productivity, thereby promoting sustainable economic growth.
Finally, the closeness of external relations between the north
and the south will also have a significant impact on emissions
reduction. This means that more enterprises can engage in more
technology-intensive and profitable industries through factor
comparisons, shifting energy-intensive and inefficient
industries out of the region. Thus, in line with the need for
industrial upgrading, investment in education is more likely
to promote technological innovation in environmental
protection in the South, and therefore has a more significant
impact on emissions reduction. In contrast, foreign trade in the
North is more dependent on the processing of primary products
and the extraction of raw materials, and investment in education
is less likely to have a significant impact on local emissions
reductions.

Through the above analysis, hypothesis 3 of this paper is tested,
namely, that there is a significant North-South difference in the
impact of investment in education on carbon emissions.

4.5 Mediating effect analysis of the impact of
investment in education on
carbon emissions

This study used the mediation effect model to examine the
mediating role of industrial structure and energy structure in the
relationship between education investment and carbon emissions.
However, the mediation effect regression may suffer from the
problem of omitted variables, which could lead to an
insufficiently robust model construction. Therefore, this study
conducted the Sobel test to validate the results. As shown in
Table 12, the Sobel test results for both industrial structure and
energy structure were significant at the 10% level, indicating that the
mediation mechanism tested in this study is scientifically and
robustly valid. Hence, the mediation effect model can be used for
regression analysis.

The transmission mechanism of the impact of education
investment on carbon emissions was theoretically analyzed from
the perspectives of industrial structure and energy structure in the
previous sections. To verify this mechanism, this study uses

mediation effect regression with industrial structure (Model 1)
and energy structure (Model 2) as the mediating variables. The
regression results are shown in Table 13.

Firstly, as shown in regression result (1a), the coefficient of
the influence of education investment on industrial structure is
0.534, significant at the 10% level. This indicates that education
investment can promote the development of the tertiary industry
in the industrial structure. Furthermore, according to regression
result (1b), the transition of industrial structure towards the
tertiary industry can reduce carbon dioxide emissions, with a
coefficient of −0.003, significant at the 1% level. This is because
education investment can cultivate more professionals who are
knowledgeable about environmental protection and carbon
reduction policies. These professionals can participate in the
formulation and implementation of relevant policies, thus

TABLE 12 Mediating effect mechanism test results.

indus10 energy

Soble −0.002*** (0.001) −0.002* (0.001)

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

TABLE 13 Test results of the mechanism of investment in education
affecting carbon emissions.

Variables Model (1) Model (2)

(1a) (1b) (2a) (2b)

Indus10 lnco2 energy lnco2

lneducation 0.534* −0.066*** −0.036*** −0.068***

(1.830) (−6.010) (−2.850) (−5.800)

Indus10 −0.003***

(−4.070)

energy 0.044**

(2.390)

dfinance 0.043*** −0.000** −0.000 −0.000**

(6.250) (−2.280) (−1.120) (−2.480)

eri 0.039 −0.003 0.004* −0.003

(0.780) (−1.330) (1.800) (−1.570)

genvironment −36.660*** 1.057** −1.038* 1.067*

(−2.73) (2.10) (−1.78) (1.95)

lntreear −0.045 0.004** 0.008*** 0.004**

(−0.980) (2.110) (4.020) (2.110)

lnbank −0.146 0.053*** 0.008 0.055***

(−0.640) (6.170) (0.790) (6.020)

lngdp 0.006 −0.000 −0.001 −0.000

(0.210) (−0.410) (−1.030) (−0.450)

con_s −2.876 17.615*** 4.734*** 17.405***

(−0.96) (156.99) (37.34) (118.29)

R2 0.823 0.989 0.848 0.988

id yes yes yes yes

year yes yes yes yes

Obs 3,192 3,192 3,192 3,192

Standard errors in parentheses; *p < 0.1, **p < 0.05, ***p < 0.01.
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promoting industrial structural upgrading and carbon
reduction goals.

Secondly, as shown in regression result (2a), the coefficient of
the influence of education investment on energy structure is −0.036,
significant at the 1% level. This indicates that education investment
can promote the transition from traditional energy to new clean
energy in the energy structure. Furthermore, according to regression
result (2b), there is a positive correlation between the proportion of
traditional energy and carbon dioxide emissions, with a coefficient
of 0.044, significant at the 5% level. This means that the lower the
proportion of traditional energy, the lower the carbon dioxide
emissions. This is because education investment can enhance
people’s understanding of energy structure and promote the
importance of renewable and clean energy. Through education,
people can better understand the advantages and feasibility of
clean energy, thereby promoting energy structural upgrading and
transformation, reducing the proportion of traditional energy, and
lowering carbon emissions.

In conclusion, this study validates Hypothesis 4 that education
investment can suppress carbon emissions by promoting industrial
structural upgrading and reducing the proportion of
traditional energy.

4.6 Robustness tests

4.6.1 Robustness and endogeneity test of
benchmark regression

To address the endogeneity issue in the benchmark regression,
this study employs Generalized Method of Moments (GMM)
estimation. The GMM results, as presented in Table 14 (1),
demonstrate a significant inhibitory effect of education
investment on carbon dioxide emissions at a 1% significance
level, which aligns with the findings of the benchmark regression.
Moreover, control variables are introduced to assess the robustness
of the benchmark regression, as depicted in Table 14 (2). Even after
incorporating the number of green patents as a control variable in
the regression model, education investment continues to exhibit a
significant inhibitory effect on carbon dioxide emissions at a 1%
significance level, reinforcing the robustness of the benchmark
regression results. Thus, these two approaches provide
compelling evidence for the reliability and robustness of the
benchmark regression results in this study.

TABLE 14 Endogenous test and robustness test.

(1) (2)

L.lnco2 0.300*** lneducation −0.067***

(0.037) (0.014)

lneducation −0.459* dfinance −0.001

(0.179) (0.001)

dfinance −0.0004 eri −0.003

(0.0004) (0.001)

eri −0.001 genvironment 1.156*

(0.001) (0.578)

genvironment 0.057 lntreear 0.004**

(0.383) (0.001)

lntreear 0.003 lnbank 0.053***

(0.002) (0.011)

lnbank 0.298** lngdp −0.001

(0.116) (0.001)

lngdp 0.002** lngreenzl 0.003

(0.001) (0.007)

AR1 −2.410** Con_s 17.60***

AR2 −1.720* (0.107)

Sargan 61.720*** - -

Hansen 32.650*** - -

R2 0.988 0.988 0.987

id yes yes yes

year yes yes yes

obs 3,192 3,192 3,192

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

TABLE 15 Robustness test for replacing main regression variables.

Variable (1) edu1 (2) edu2 (3) edu3

lneducation −0.048** (0.023) −0.063*** (0.022) −0.037**

(0.016)

dfinance −0.001** −0.001** −0.001**

(0.0003) (0.0003) (0.0003)

eri −0.003 −0.003 −0.003

(0.002) (0.002) (0.002)

genvironment 0.979* 1.116** 1.191**

(0.552) (0.507) (0.507)

lntreear 0.004* 0.003* 0.003*

(0.002) (0.002) (0.002)

lnbank 0.013** 0.013** 0.013**

(0.006) (0.006) (0.006)

lngdp −0.001 −0.001 −0.001

(0.001) (0.001) (0.001)

con_s 17.570*** 17.810*** 17.550***

(0.142) (0.177) (0.124)

R2 0.987 0.988 0.988

id yes yes yes

year yes yes yes

Standard errors in parentheses; *p < 0.1, **p < 0.05, ***p < 0.01.
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In addition, in order to further validate the robustness of the
regression results, this study selects education-related variables as
alternative explanatory variables to replace the main explanatory
variable for robustness testing. As shown in Table 15, this study
selects the number of education practitioners, the number of regular
higher education institutions, and the volume of library collections as
substitute variables for education investment to conduct regression
analysis. The regression results demonstrate that these three variables
have a significant inhibitory effect on carbon emissions, which is
generally consistent with the main regression results, further
confirming the scientific and robust nature of the empirical findings.

4.6.2 Robustness test of spatial Durbin model
regression

To examine the robustness of the spatial Durbin model, this
study employs a 0–1 spatial weight matrix as a replacement for the
geographical weight matrix in the regression analysis. The regression
results, presented in Table 16, reveal that education investment
exhibits a significant inhibitory effect on carbon dioxide emissions at
a 1% significance level in both the long-term and short-term effects.
These findings align closely with the results obtained using the
geographical weight matrix in the previous analysis. Thus, the
regression results of the dynamic spatial Durbin model
constructed in this study are deemed robust and reliable.

5 Conclusion and policy implication

Based on panel data from 266 cities in China from 2009 to 2020,
this study utilizes theories from the classical school of economics
andMarxist political economy to investigate the impact of education

investment on carbon emissions. The results show that education
investment has a significant suppressive effect on carbon emissions
and exhibits negative spatial spillover effects. In other words,
implementing education investment in one city can have a
positive impact on neighboring cities, thus achieving
environmental protection to some extent. Furthermore, the study
finds apparent regional heterogeneity in the relationship between
education investment and carbon emissions, with education
investment in southern cities having a more significant effect in
suppressing carbon emissions. This phenomenon may be closely
related to factors such as industrial structure and climate in southern
cities. The findings of this study have important academic
implications for deepening our understanding of the relationship
between education investment and carbon emissions. They also
provide valuable references for policymakers to promote sustainable
development and environmental protection. Additionally, this study
conducts an analysis of the mechanism of how education investment
affects carbon emissions by considering energy structure and
industrial structure as mediating variables. It concludes that
education investment can suppress carbon emissions by
influencing changes in energy structure and industrial structure.

According to the conclusions of this study, the following policy
suggestions are proposed.

(1) Increase investment in education, promote environmental
awareness and technological development

The research results indicate that education investment has a
significant inhibitory effect on carbon emissions and has a positive
impact on neighboring cities. Therefore, it is recommended that the
government further increase investment in education, especially in

TABLE 16 Dynamic spatial Durbin model regression of 0–1 spatial weight matrix.

Dynamic spatial Durbin model Dynamic spatial Durbin model

SR_Direct SR_Indirect SR_Total LR_Direct LR_Indirect LR_Total

lneducation −0.013*** −0.011 −0.024*** −0.014*** −0.018* −0.032***

(0.004) (0.008) (0.008) (0.004) (0.010) (0.011)

dfinance 0.0004 −0.0002 −0.0001 0.00003 −0.0002 −0.0002

(0.0001) (0.0001) (0.0002) (0.0001) (0.0002) (0.0002)

eri −0.001 −0.001 −0.002 −0.001 −0.001 −0.002

(0.001) (0.002) (0.002) (0.001) (0.002) (0.003)

genvironment 0.176 −0.314 −0.137 0.164 −0.347 −0.183

(0.178) (0.436) (0.479) (0.184) (0.564) (0.638)

lntreear 0.001 0.001 0.001 0.001 0.001 0.002

(0.001) (0.001) (0.002) (0.001) (0.002) (0.002)

lnbank 0.012*** 0.006 0.0179*** 0.013*** 0.011 0.024***

(0.003) (0.006) (0.007) (0.003) (0.008) (0.009)

lngdp 0.0002 −0.001 0.0001 0.0002 −0.001 0.0001

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Standard errors in parentheses; *p < 0.1, **p < 0.05, ***p < 0.01.
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environmental education, to cultivate public awareness and skills in
environmental protection. This not only helps to reduce carbon
emissions, but also affects neighboring areas through knowledge
diffusion and technology transfer, forming regional
environmental synergies.

(2) Promote the integration of education and green industries

Education investment has a more significant effect on
suppressing carbon emissions in southern cities, which may be
related to the local industrial structure and climate conditions. It
is recommended that policymakers combine education investment
with green industries to promote the research and application of
green technologies. For example, green technology courses can be
added to higher education and vocational education to promote
talent cultivation in green industries, thereby promoting the
transformation and upgrading of industrial structure and
reducing carbon emissions.

(3) Adopt policy measures for regional differentiation

Research has found that there is regional heterogeneity in the
relationship between education investment and carbon emissions,
with the effect being more significant in southern cities. Therefore, it
is recommended that the government consider the specific situation
of different regions and adopt differentiated policy measures when
formulating environmental protection policies. For example, in
southern cities, the integration of education and green industries
can be emphasized, while in northern cities, more targeted policies
can be formulated based on local conditions.

(4) Strengthen cross regional cooperation and coordination

Due to the negative spatial spillover effects of education
investment, one city’s education investment can have a positive
impact on neighboring cities. It is recommended to strengthen
cooperation and coordination between regions, especially in
education and environmental protection. Regional education
cooperation mechanisms can be established to share educational
resources and technological achievements, promoting collaborative
development within the region.

(5) Promote the adjustment of energy structure and
industrial structure

Research has shown that education investment can suppress
carbon emissions by influencing energy and industrial structures. It
is recommended that policymakers promote the adjustment of
energy and industrial structures while increasing investment in
education. For example, encouraging and supporting the research
and application of clean energy, reducing dependence on traditional
fossil fuels; Promote the transformation and upgrading of high
polluting industries, develop green and low-carbon industries,
and fundamentally reduce carbon emissions.

This article has the following limitations: (1) Education
investment can only objectively reflect the quantity of investment
in education, but it cannot reflect the quality of education. However,
the quality of education is also an important factor affecting carbon

emissions, which requires further research at a deeper level. (2) The
heterogeneity study only roughly divided China into north and
south regions, but China has a vast territory and complex economic
structure. It is insufficient to analyze only the north-south regions,
and more detailed division research is needed.

Future research can focus on the following aspects: (1) Consider
the correlation between education quality and carbon emissions.
The impact of education investment on carbon emissions may be
closely related to the quality of education. Future research can
further explore the relationship between education quality and
carbon emissions to understand whether the impact of education
investment on carbon emissions is moderated by education quality.
(2) Consider regional differences and policy promotion. Due to the
significant regional differences in China, future research can divide
China into multiple regions for study, and more carefully consider
the heterogeneity of the relationship between education investment
and carbon emissions in different regions. At the same time, it is also
important to explore how to translate research results into practical
policies to promote the impact of education investment on carbon
emissions in a wider range.
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