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Abstract 

Essays on the role of rural finance, green finance and digital financial 

inclusion on agricultural carbon emissions reduction 

by 

Die Hu 

Green agricultural development is significant for China against the background of carbon peak 

and carbon neutrality, and at the same time, it is crucial to secure China's food security. This 

thesis examines the influence of finance on agricultural carbon emissions, specifically focusing 

on the significant role of rural finance, green finance and digital financial inclusion. This thesis 

comprises three essays investigating whether rural finance, green finance and digital financial 

inclusion help to reduce agricultural carbon emissions in China. The first essay estimates 

China's agricultural carbon emissions from 2001 to 2020 and analyzes the temporal and spatial 

characteristics of agricultural carbon emissions, providing a research base for the thesis. Next, 

the essay examines the impacts of rural finance on agricultural carbon emissions by introducing 

the rural finance development indicator into the environmental Kuznets Curve Theory. This not 

only extends the theory but also helps validate the rural environmental Kuznets Curve in China. 

The findings reveal that the environmental Kuznets Curve hypothesis is invalid in rural China 

and that rural finance is not conducive to reducing agricultural carbon emissions. 

The second essay uses a bidirectional-fixed effects regression model, a quantile regression 

mode, and a difference-in-differences model to investigate the impacts of green finance on 

agricultural carbon emissions (ACEs). The results reveal that green finance significantly 

negatively correlates with ACEs in the eastern and central regions but is insignificant for the 

whole of China. Secondly, there is significant regional heterogeneity in the impact of green 

finance on ACEs. The impacts of green finance on agricultural carbon emissions also vary 

across different quantities, showing an asymmetric impact of green finance on ACEs. Thirdly, 

the Green Finance Reform and Innovation Pilot Zones do not show a direct policy effect on 

ACEs.  
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The third essay investigates the combined effect of green finance and digital financial inclusion 

on ACEs using bidirectional fixed-effects regression, moderation mechanism analysis, and 

Two-Stage Least Squares instrumental methods. The finding reveals that green finance 

positively impacts ACEs reduction but digital financial inclusion negatively impacts ACEs’ 

reduction. Moderation mechanism analysis shows that digital financial inclusion has a negative 

role in moderating the impact of green finance on ACEs, indicating uncoordinated development 

between green finance and digital financial inclusion in rural China. The results are robust to 

different methods that address the endogeneity issues.  

This thesis extends the ACEs theory into the agricultural sector, not only enhancing the scope 

of the Environmental Kuznets Curve Theory into the agricultural sector but also addressing the 

omitted variables criticized by scholars by considering financial development's impact on the 

environment. This thesis also examines the role of green finance in reducing carbon emissions 

in the agricultural sector, which was overlooked in previous research. Using quantile regression 

to examine the asymmetric effects of green finance across different quantiles and a difference-

in-differences model to examine green policy impacts provides more robust results and critical 

information for formulating policies. More importantly, this thesis provides a unique 

perspective to examine the combined effects of green finance and digital financial inclusion, 

offering pivotal conclusions and policy recommendations.  

Keywords: Agricultural carbon emissions; environmental Kuznets Curve; rural finance; 

green finance; digital financial inclusion  
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Introduction 

The increasing severity of the global environment is compelling people to recognize the 

significance of mitigating climate change and protecting the environment, which also makes 

sustainable development common sense in the global community (Ofori et al., 2023; Tenaw & 

Beyene, 2021; Yu et al., 2023). Climate change, mainly caused by rising global temperatures 

triggered by carbon emissions, has brought a great threat to human survival as well as economic 

and social development (Carlson et al., 2017; Ebi et al., 2021; Zhang, 2023). Nations worldwide 

have taken various measures to mitigate climate change (Lee & Lee, 2022; Ofori et al., 2023). 

As a responsible country, China has also taken responsibility and committed to mitigating 

climate change by pledging to achieve a carbon peak in 2030 and carbon neutrality by 2060 

(Lee & Lee, 2022; Yu et al., 2023). However, this commitment poses great challenges for all 

the Chinese industries, especially for the agricultural sector.  

Agriculture is the most basic material production sector in the national economy of most 

countries in the world. It provides a material base for human survival and social development 

(Zhu et al., 2021) and shoulders the responsibility of feeding the growing global population. 

However, it is also the sector most affected by climate change. Agricultural production 

seriously relies on the climate (Agovino et al., 2019; Gokmenoglu & Taspinar, 2018) and 

agriculture is the pioneer victim. Therefore, there is a great challenge for agriculture to meet 

the growing global demand for food and reduce carbon emissions. Against this background, the 

Chinese government has proposed a green agriculture development strategy and implemented 

a series of policies to reduce agriculture carbon emissions (ACEs). In 2021, China issued the 

14th Five-Year National Green Development Plan for Agriculture to reduce ACEs significantly 

by 2025 (Du et al., 2023). However, developing green agriculture requires vast investment and 

significant capital resources. Thus, using financial mechanisms to facilitate the development of 

green agriculture becomes essential.  

This thesis covers three financial mechanisms potentially affecting China’s sustainable 

agriculture development: rural finance, green finance, and digital financial inclusion. Rural 

finance is regarded as the core of the modern rural economy. It can help to alleviate credit 

constraints in rural areas and promote the development of the agricultural sector (Abate et al., 

2016; Beck et al., 2015; Yaron & Mundial, 1992). A lack of funds hindering agricultural growth 

and development motivates the establishment of a formal rural financial system (Yaron & 

Mundial, 1992). Abate et al.(2016) investigated the impacts of institutional finance in Ethiopia 
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and found that access to institutional finance positively impacts the adoption and extent of 

technology use. Easy access to finance also alleviates credit constraints for microenterprises in 

rural areas (Beck et al., 2015). Although rural finance can provide the necessary funding for 

agricultural development, it focuses more on productivity and economic growth, neglecting the 

environmental benefits of rural areas. This particularly if more funds are used to buy machines 

and fertilizer, it will lead to a rise in ACEs. 

As a financial instrument, green finance does not only focus on economic growth but also 

focuses on environmental benefits by directing the capital to support green initiatives and 

promote clean technologies  (Hou et al., 2023). It is regarded as a financial innovation to balance 

economic development and environmental protection (Salazar,1998). Thus, green finance can 

help to reduce ACEs by providing green technologies and sustainable agricultural practices in 

rural areas. 

Digital financial inclusion has two characteristics: digitalization and inclusiveness. Compared 

to traditional finance, digital finance can help lower the financial threshold and provide 

convenient, cost-effective financial services and products for users with expanded coverage 

without geographical restrictions using digital platforms (Irfan et al., 2022; Lee et al., 2022; Liu 

et al., 2023). It greatly benefits farmers and businesses in rural areas with financial constraints. 

With expanded access to financial services, farmers and businesses in rural areas can access 

more funding, which can directly or indirectly facilitate green initiatives but also lead to a rise 

in energy-intensive input, resulting in an increase in ACEs. 

Building a theoretic framework including three financial mechanisms: rural finance, green 

finance, and DFI, this study investigates the role and impacts of three financial mechanisms on 

reducing ACEs via essays. The three essays systematically explore the research questions, 

jointly providing a comprehensive understanding of how financial mechanisms facilitate carbon 

emissions reduction and promote green agriculture development. This has significant practical 

implications for the Chinese government and financial institutions. It also can promote China’s 

rural green financial system development and foster sustainable agricultural development.  

The first essay (Parts 1 and 2) forms the base of the thesis. It investigates ACEs and the 

relationship between agricultural growth and rural financial development. ACEs are the central 

focus of the thesis. Many researchers have measured ACEs, e.g., Li et al. (2011) measured the 

ACEs of China from 1993 to 2008 from six main carbon sources, including fertilizer, pesticide, 

agricultural film use, diesel fuel use in agricultural machinery, farmland tillage, and electricity 

use in agricultural irrigation. Du et al.(2023) measured ACEs in China from 2011 to 2020 using 
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similar carbon sources. However, their measurement methods neglect the other greenhouse gas 

(GHG) emissions responsible for global warming. In part 1 of the first essay, I measure the 

ACEs at the provincial level in China from broad carbon sources, including the carbon dioxide 

(CO2) from agricultural production, methane (CH4) from rice paddies, methane (CH4) and 

nitrous oxide (N2O) from livestock breeding from 2001 to 2020.  

Following that, the structural changes and ACEs' temporal and spatial characteristics are 

examined using the Theil Index and Moran’s I Index. The results reveal an “increase-decrease-

increase-decrease” growth trend of ACEs, with livestock and land use emissions emerging as 

two significant contributors to the emissions. The decrease in the Theil Index shows that 

regional emissions disparity is diminishing. The global Moran Index shows a positive spatial 

autocorrelation among regions.  

In part 2 of the first essay, I investigate the impact of rural financial development on the rural 

Environmental Kuznets Curve (EKC) hypothesis by incorporating financial development into 

the relationship between agricultural growth and ACEs. Empirically, I use the fixed effects (FE) 

model to test the EKC hypothesis and examine the impact of rural financial development on the 

rural EKC hypothesis. Next, I conduct a heterogeneity analysis by dividing the national sample 

into four regional samples: eastern, central, western and northeastern regions, to investigate 

regional disparities. The results reveal that the EKC hypothesis is not valid in rural China, 

showing an inverted N-shape relationship between agricultural growth and ACEs; financial 

development significantly impacts ACEs, and the regional disparities are significant. The 

generalized method of moments (GMM) model provides a robustness check.  

In essay two, I use the entropy method to construct a comprehensive index of green finance 

development that can measure the development level of green finance. This approach assesses 

the importance of each indicator by calculating its entropy value and then determining the 

weight of each indicator to eliminate the drawbacks of other techniques that primarily rely on 

expert and personal judgments to determine the weights (Lee & Lee, 2022; Sun et al., 2023). 

Many researchers believe that green finance, which can guide the flow of capital to green and 

environmentally friendly industries (Hussain et al., 2023), plays a significant role in reducing 

carbon emissions (Irfan et al., 2022; Lee et al., 2022). Based on that belief, using a bidirectional-

fixed effects regression model, I examine the impact of green finance development level on 

ACEs using data from 31 Chinese provinces from 2007 to 2020. I also use a quantile regression 

to capture the impact of green finance on ACEs at different quantiles and a difference-in-

differences (DID) model to investigate the policy effect of building Green Finance Reform and 
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Innovation Pilot Zones (GFRIPZ) on reducing carbon emission in the agricultural sector. The 

results show that green finance significantly negatively correlates with agricultural carbon 

emissions in the eastern and central regions but is insignificant for the whole of China. It also 

shows a significant regional heterogeneity in the impact of green finance on agricultural carbon 

emissions based on different regions and an asymmetric impact of green finance on agricultural 

carbon emissions. However, the DID approach results reveal that the policy effect of building 

Green Finance Reform and Innovation Pilot Zones has a limited effect in reducing rural carbon 

emissions.  

Essay three examines the role of DFI on ACEs and investigates the interaction effects of green 

finance and DFI on ACEs. Much research has separately investigated the role of green finance 

and DFI on carbon emissions reduction. For instance, Zhang et al.(2022) used data on G-20 

economies from 2008 to 2018 to examine the impact of green finance on carbon emissions. 

Wang et al. (2022) employed a spatial econometric model to investigate the impact of DFI on 

carbon emissions in 284 prefecture-level cities in China. They reveal a positive correlation 

between DFI and carbon emissions. However, little research has investigated the interaction 

effect of green finance and DFI on reducing ACEs. It is unclear whether the effects of green 

finance and DFI are substitutes for each other or complement each other. Therefore, in essay 3, 

I use a moderation mechanism analysis to analyze the interaction effects of green finance and 

DFI on ACEs in 31 Chinese provinces from 2011 to 2020. The results reveal a significant 

negative correlation between green finance and ACEs but a positive correlation between DFI 

and ACEs, indicating that green finance helps to reduce ACEs, but DFI increases ACEs. The 

results also show that DFI negatively affects the impact of green finance on ACEs. The results 

are verified by a series of robustness checks, including the two-stage least squares instrumental 

method.  

The three essays complement each other and jointly provide a theoretic framework to explore 

the role of finance on agricultural sustainability. Essay one shows that rural finance does 

influence ACEs and agricultural economic growth, but its impact is relatively limited. This 

result emphasizes the significance of investigating how green finance can enhance its 

effectiveness in promoting green development in rural areas, especially in China’s rural 

revitalization. This suggests that traditional finance alone may not be adequate to address the 

current issues. 

Essays Two investigates the impacts of green finance on ACEs. Unlike traditional finance, 
green finance directs capital toward low-carbon agricultural projects, which may have a more 
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significant impact on reducing emissions. DFI, on the other hand, enhances the availability of 
financial services in rural areas. However, whether the impact is positive or negative remains 
controversial. Therefore, Essay Three examines the impact of DFI on ACE and investigates 
whether green finance and digital financial inclusion display synergistic or crowding-out effects 
on the reduction of ACEs. 
 
The empirical analysis reveals how different financial tools can be used to support ACE 

reduction. First, governments should establish a rural green financial system, implement green 

policies, and provide incentives to promote green finance development in rural regions.  Second, 

financial institutions should develop more green financial products suitable for rural green 

development. Thirdly, green DFI should be paid more attention, since green finance can 

enhance the sustainability objectives while DFI expands the financial access for green 

initiatives.  Promoting green DFI can fully explore the advantages of green finance and DFI.  

My thesis contributes to the literature in several ways. First, it extends the EKC theory to the 

agricultural sector and integrates financial development to examine its impact on ACEs, 

addressing the omitted variables that have been criticized by scholars in considering financial 

development's impact on the environment. Secondly, my thesis examines the impact of green 

finance on carbon emissions in the agricultural sector, previously overlooked, using quantile 

regression to examine the asymmetric effects of green finance across different quantiles and a 

difference-in-differences model to examine green policy impacts, providing more robust results 

and critical information for formulating policies. More importantly, the thesis provides a unique 

perspective on the interaction effect of green finance and digital financial inclusion on ACEs 

by using moderation mechanism analysis and so offers pivotal conclusions and policy 

recommendations. Finally, the thesis has significant practical value in achieving green and low-

carbon agriculture against the backdrop of carbon peak and carbon neutrality.  

The rest of the thesis is organized as follows. In essay 1 (parts 1 and 2), I present a study of the 

role of rural finance in EKC. Essay two investigates the role of green finance on ACEs, and 

essay three presents the interaction effects of green finance and DFI on ACEs. The final part 

concludes the study with recommendations. 
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Essay One (Part 1) 

The Temporal and Spatial Analysis of Agricultural Carbon Emissions 

2.1 Introduction  

Climate change, mainly caused by rising global temperatures triggered by carbon emissions, 

has greatly threatened human survival and economic and social development (Carlson et al., 

2017; Ebi et al., 2021; Zhang, 2023). Agriculture, which provides the material for human 

survival (Zhu et al., 2021), is very sensitive to climate change because agricultural activities 

rely on climatic conditions (Agovino et al., 2019). Climate change, such as global warming, 

rainstorms, floods, and extreme weather events, directly impacts agriculture and threatens food 

security and agricultural sustainability. In addition, the global population is estimated to reach 

almost 10 billion in 2050, with an expected doubling of global food demand (Lindner et al., 

2013; Zhu et al., 2021). It is a great challenge to feed the growing global population under 

climate change and rapid urbanization (Laurett et al., 2021). Conversely, agriculture also 

impacts and contributes to climate change by generating direct greenhouse gas (GHG) 

emissions (Agovino et al., 2019). GHG emissions generated by agricultural activities account 

for 23% of anthropogenic GHG emissions, ranking as their second most significant source (Cui 

et al., 2022; Wen et al., 2022).  

With the substantial role of agriculture in climate change, reducing ACEs is an important way 

to mitigate climate change and enhance agriculture's sustainability. To reduce carbon emissions, 

most people focus on the industrial, energy, and transport sectors; the significant role of the 

agricultural sector is often neglected. Recently, more and more researchers have started to pay 

attention to the agricultural sector in the context of climate change. The authors measured 

current ACE levels (Cui et al., 2022; Huang et al., 2019; Liu & Yang, 2021; Su et al., 2023), 

analyzed the influencing factors of ACEs (Du et al., 2023;  Li et al., 2022; Mu et al., 2023; Zhu 

& Huo, 2022) , and examined the relationship between ACEs and agricultural development 

(Kwakwa et al., 2022; Xiong et al., 2016). This provides a robust theoretical foundation and 

empirical groundwork for research in the area. However, there are notable gaps in the literature.  

First, there is a lack of a comprehensive measurement of ACEs. Many studies measured ACEs 

from specific or limited aspects of agricultural activities, focusing on the source of carbon 

dioxide (CO2), neglecting the other sources of GHG gas, such as methane (CH4) and nitrous 

oxide (N2O). However, ACEs include the total GHG emissions from agricultural activities, 

including carbon dioxide, methane, and nitrous oxide (Johnson et al., 2007). In scientific studies 
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and reports, carbon emissions often refer to carbon dioxide equivalents (CO2e). The other GHG 

emissions, such as methane and nitrous, can be converted into CO2e based on their Global 

Warming Potential (GWP)1 coefficients (Tian & Yin, 2022).  

Furthermore, many researchers cannot distinguish “carbon,” usually referring to the elemental 

form, from “carbon dioxide,” a GHG composed of carbon (Tian & Yin, 2022), which can lead 

to a systematic underestimation of a country's total ACE. Thirdly, many studies have analyzed 

the characteristics of ACEs, including their spatial and temporal characteristics, but few have 

investigated the internal structural changes of ACEs. Essay one measures the ACEs in 31 

provinces and municipalities in China and attempts to investigate ACEs’ temporal and spatial 

evolutionary trends at the provincial level and the changes in its internal structure using the 

Theil Index and Moran's I Index. 

Essay one contributes to the literature in several ways. First, the provincial level of ACEs in 

China is measured according to the most recent Intergovernmental Panel on Climate Change 

(IPCC) Guidelines for National GHG Inventories and China's Provincial Guidelines for GHG 

Inventories (Trial) in 2023, which provided a more comprehensive measurement covering 

broader carbon sources, including agricultural land use, the rice paddies, and livestock breeding 

and management often overlooked in previous studies. Secondly, in addition to the latest IPCC 

guidelines, ACEs’ measurement also adjusts the carbon coefficients to the local context in 

China. Finally, the essay categorizes ACE sources into agricultural land use, rice paddy 

cultivation, and livestock production to examine the structural composition of ACEs. The essay 

is structured as follows. Section 2 presents a literature review on ACEs. Section 3 describes the 

methodology and data used in the study. Section 4 presents the empirical findings, and Section 

5 concludes the essay with policy implications. 

2.2 Literature Review   

2.2.1 The Measurement of Agricultural Carbon Emissions 

Quantifying ACEs is important to assess agriculture’s contribution to climate change (Bell et 

al., 2014) and provides scope for nations to reduce ACEs. There are various methods to measure 

ACEs, including the life-cycle method (Wen et al., 2023). The most popular method is the IPCC 

emissions factor method (Cui et al., 2022;Wen et al., 2023), which has the most recognition and 

has been adopted by many studies (Cui et al., 2022; Du et al., 2023; Wen et al., 2022). There 

 
1 GWP is the ability of a greenhouse gas defined by IPCC to trap heat in the atmosphere relative to carbon 
dioxide. It is the ratio of radiative forcing from a unit mass of the gas to a unit mass of carbon dioxide over 100 
years. Usually, the GWP of carbon dioxde equals 1, methane is 21 and nitrous oxide is 310. 
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are two measurements of ACEs using the IPCC emissions factor method. From a narrow 

perspective focusing only on carbon dioxide when measuring ACEs, the ACEs are generated 

from direct agricultural inputs, such as fertilizers, pesticides, agricultural film, diesel, and 

irrigation and tillage. For example, Li et al. (2011) measured China's ACEs between 1993 and 

2008 based on six key carbon sources: fertilizers, pesticides, agricultural film, irrigation, 

ploughing, machinery and diesel use in agricultural production. Similarly, Liu and Yang (2021) 

measured the ACEs in 30 Chinese provinces from 2009 to 2019 using the same six carbon 

sources. Du et al.(2023) measured the ACEs of prefecture-level cities from 2011 to 2020 based 

on the same method to explore the impact of policy on ACEs in China.  

In the broader perspective, ACEs also include methane and nitrous oxide, which are responsible 

for the potential greenhouse effect and cause severe global warming problems (Johnson et al., 

2007; Tian et al., 2014; Tian & Yin, 2022). Therefore, many researchers measure ACEs from 

a more extensive range of activities, covering general agricultural cultivation, rice cultivation, 

and livestock farming. For instance, Dalgaard et al. (2011) estimated Denmark's agricultural 

GHG emissions of carbon dioxide, methane, and nitrous oxide from 1990 to 2010. Tian et al. 

(2014) measured the ACEs of 31 Chinese provinces and cities from 23 carbon emission sources 

associated with agricultural inputs, rice paddies, and livestock breeding from 1995 to 2010.  

2.2.2 The Characteristics and Influencing Factors of Agricultural Carbon Emissions 

With extensive research on carbon emissions, the research on carbon emissions shifted to ACEs' 

characteristics and influencing factors. For instance, Su et al. (2023) used the convergence 

model to investigate the convergence characteristics of ACEs using a dataset of 31 Chinese 

provinces from 2005 to 2020. Likewise, Cui et al. (2022) used the convergence model. They 

combined it with the Theil Index method to investigate the spatiotemporal heterogeneity and 

convergence of ACEs in 31 Chinese provinces from 1997 to 2017 to provide a comprehensive 

analysis of the characteristics of ACEs. However, the measurement of ACEs in their study 

focused only on six carbon sources in the plant industry, which underestimates the total ACEs 

in China. Zhang (2022) examined the spatial and temporal distribution characteristics of carbon 

emissions on different land use in China's Yellow River Delta from 2000 to 2019, thus enriching 

the research literature. However, the author’s results varied based on the research areas, 

differences in the research period, and specific carbon emissions coefficients used. There is still 

a need for a comprehensive, accurate measurement of ACEs and an in-depth analysis of ACEs 

that can provide more accurate information and insights for policymakers to formulate robust 

measures to mitigate carbon emissions.  
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Regarding the factors influencing ACEs, some researchers use the Logarithmic Mean Divisia 

Index (LMDI) decomposition and decoupling analysis to examine trends and regional 

disparities over time. For example, Akram et al.(2019) used the LMDI model to examine the 

main driving force of Pakistan’s carbon emissions from 1990 to 2016 to reveal that the energy 

structure effect is the most important driving force of carbon emissions in Pakistan. Ortega-

Ruiz et al. (2020) decomposed an enlarged Kaya identity using the LMDI method to examine 

the evolution of the factors influencing carbon emissions in India from 1990 to 2016. Guo et al. 

(2021) used the Kaya identity and the LMDI method to analyze the influential factors of ACEs 

in the Jilin Province, China, from 1998 to 2018. Many other approaches have been used to study 

the factors that influence the reduction of ACEs. Ma et al. (2022) analyzed data from 31 Chinese 

regions from 2011 to 2019 to find that promoting digital agriculture can significantly reduce 

ACEs. They also found that agricultural technology, industry structure, and rural education 

level were crucial factors in reducing ACEs. Their study highlights regional cooperation and 

the integration of digital finance in reducing emissions. Du et al. (2023) assessed China's 2018 

National Agricultural Sustainable Development policy and found it effectively reduced ACEs, 

especially in cities with a smaller urban-rural income gap and higher agricultural output. It 

offers valuable insights for sustainable agriculture development. 

2.2.3 The Relationship Between Agricultural Growth and Agricultural Carbon 
Emissions 

Among the various factors influencing ACEs, the relationship between carbon dioxide and 

economic development arouses much attention in researchers. Some studies used the EKC 

hypothesis to investigate the relationship between agricultural growth and ACEs. For instance, 

Gokmenoglu and Taspinar (2018) adopted the time series method to overcome issues of cross-

sectional dependence to test the agricultural EKC hypothesis for Pakistan from 1971 to 2014 

and confirm the EKC hypothesis for Pakistan. Zafeiriou and Azam (2017) analyze the 

relationship between agricultural economic performance and carbon dioxide emissions in 

France, Portugal, and Spain using the auto ARDL approach to test the EKC hypothesis. Their 

results confirm the EKC in the long run. Zhang et al. (2019) adopted the autoregressive 

distributed lag (ARDL) method to test the EKC hypothesis for ACE in China's main grain-

producing areas using time-series data from 1996 to 2015. Their results support the EKC 

hypothesis.  

However, the EKC literature on agricultural growth and ACEs is limited. The empirical results 

are not consistent, with some research showing a positive correlation and others showing a 

negative correlation between agricultural growth and ACEs.  
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Using the EKC hypothesis to investigate the relationship between agricultural growth and 

ACEs, some studies analyse the relationship using Tapio decoupling methods. Xiong et al. 

(2016) applied the decoupling method to explore the relationships between ACEs and 

agricultural growth in the Hotan prefecture of China from 1999 to 2013. Their results show that 

there is a “decoupling, hooking, and decoupling” in a three-stage process between the ACEs 

and agricultural growth in Hotan. Luo et al. (2017) used panel data of 30 Chinese provinces 

from 1997 to 2014 to examine the decoupling relationship between agricultural growth and 

ACEs from agricultural production activities, farming and livestock husbandry. 

In summary, current published research by scholars focusses on understanding the formation 

mechanisms of ACEs, accurately measuring ACEs, and the factors influencing ACEs. However, 

a comprehensive ACEs estimation system has not been established; there is a particular need 

for a dynamic analysis regarding the structure of ACEs. 

2.3 Methodology and Data  

2.3.1 The Measurement of Agricultural Carbon Emissions  

According to the IPCC Fourth Assessment Report (IPCC, 2019), GHG such as methane and 

nitrous oxide produced during agricultural activities are also considered as ACEs converted to 

CO2 equivalents. Based on China's Provincial Guidelines for GHG Inventories (2023), non-

energy agriculture GHG sources include soil management, rice cultivation, enteric fermentation 

and livestock manure. Therefore, the ACEs in our study include: (1) carbon emissions caused 

by agricultural land use, (2) methane emissions produced from rice paddies, and (3) methane 

and nitrous oxide emissions triggered by livestock.  

2.3.1.1 Agricultural carbon emissions from agriculture land use  

Based on the literature, carbon emissions from agricultural land use include carbon emissions 

produced by agricultural inputs such as chemical fertilizers, pesticides and agricultural films; 

carbon emissions produced by diesel fuel use in agricultural machinery; carbon emissions 

produced from farmland tillage; and carbon emissions from the consumption of electricity for 

agricultural irrigation activity. The carbon emissions from agricultural land use are obtained 

using equation (2.1): 

𝐸!"#$%&' =&Τ(	 𝛼( (2.1) 

where: 𝐸!"#$%&' denotes the carbon emissions from agricultural land use; 𝑇(	is the amount of 

chemical fertilizers, pesticides, agricultural films, diesel fuel, sown area of crops and area of 

irrigation; and 𝛼( is the carbon emissions of each carbon source. In this study, following Li et 
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al. (2011) and Luo et al. (2017), a carbon emissions factor of 4.9341 kg C/kg is set for pesticides.  

Table 2.1 Carbon Emissions Factors of Agricultural Land Use 
Type Carbon emissions factor Source 

Pesticides (C kg/kg) 4.9341 Li et al.(2011); Luo et al. (2017) 
Chemical fertilizers 
(C kg/kg) 

0.8956 Li et al.(2011); Luo et al. (2017) 

Agricultural films  
(C kg/kg) 

5.18 Li et al.(2011) ;Tian et al.(2014)  

Diesel (C kg/kg) 0.5927 Li et al. (2011); IPCC United Nations 
Intergovernmental Committee of 
Experts on Climate Change (2007) 

Tillage (C kg/km2) 312.6 Li et al. (2011) 
irrigation (C kg/hm2) 266.48 West and Marland (2002); Luo et 

al.(2017) 
 

2.3.1.2 Agricultural carbon emissions from rice paddies  

The main GHG from rice paddies is methane, which is a biological product of anaerobic 

environments mainly produced in various shallow bodies of water, swamps, wetlands and rice 

paddies. Considering the huge regional difference in hydrothermal conditions in China, the 

methane coefficients of rice paddies from different regions show wide variability (Min & Hu, 

2012). According to the IPCC growth cycle of rice (IPCC, 2006), we divide rice into early rice, 

middle rice and late rice, and adopt methane emissions coefficients calculated by Min and Hu 

(2012). The emissions from rice paddies are estimated using equation (2.2): 

𝐸*(+',"$$('& =&𝑃(	 𝛽( (2.2) 

where: 𝐸*(+',"$$('&  is the total methane emissions from rice paddies in 31 provinces and 

municipalities in China; 𝑃(	is the area of rice paddies in each province; and 𝛽( is the coefficient 

of rice paddies in different provinces or municipalities. 

2.3.1.3 Agricultural carbon emissions from livestock  
ACEs from livestock include methane from enteric fermentation of ruminants and methane and 

nitrous oxide emissions caused by manure management (Hu & Wang, 2010; Shang et al., 2015). 

For China, the cultivated livestock involves cattle, horses, sheep, pigs, donkeys, mules and 

camels. The methane and nitrous oxide emissions can be estimated using equation (2.3): 

𝐸!(-'&./+0 =&𝑞(	 𝜇( (2.3) 

where: 𝐸!(-'&./+0 denotes the total methane or nitrous oxide from livestock; 𝑞(	is the quantity of 

each livestock type; and 𝜇( is the corresponding emissions coefficient of each source of each 

livestock type. The relevant emissions livestock coefficients are from IPCC (2019) (see Table 

2.2) e.g., the emissions coefficient of methane from enteric fermentation for cows is 59.7 kg 
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per head and of manure management is 8.75 kg per head. The nitrous oxide emissions 

coefficient for manure management for cows is 1 kg per head (Hu & Wang, 2010; Shang et al., 

2015). 

To facilitate the summation and to be consistent with other carbon emissions studies, we convert 

carbon, methane and nitros oxide emissions into standard carbon dioxide emission equivalents. 

According to IPCC (2019), the carbon dioxide conversion coefficients of carbon, methane and 

nitrous oxide are 44/12, 25 and 298, respectively (Tian & Yin, 2022). 

 

2.3.1.4 Indicators for the measurement of agricultural carbon emissons 
To measure carbon emissions, two key methods are commonly used: the total carbon emissions 

and carbon emissions intensity, calculated as carbon emissions divided by GDP (Cui et al., 

2022; Wen et al., 2022). We analyse the overall change in ACEs and the structural composition 

of ACEs, so the selected indicator for measuring carbon emissions in the agricultural sector is 

ACET, the total volume of ACEs. The ACET approach provides a comprehensive view of the 

environmental impact, revealing the full extent of emissions from agricultural activities. In 

contrast, carbon emissions intensity may not capture the agricultural sector's entire carbon 

footprint. This broader perspective is vital for an in-depth environmental analysis and informed 

policy formulation. I use equation (2.4) to calculate the total ACEs: 

Table 2.2 The Emissions Coefficients of Livestock and Poultry (unit: kg/head/year) 

Animal 
Methane emissions coefficient Nitrous 

oxide 
missions 

coefficient 

Source Enteric 
fermentation Manure management  

Cow 59.7 8.75 1 Hu & Wang (2010) 
Shang et al. (2015)  

Mule 10 0.9 1.39 IPCC (2019), FAO, 
Shang et al. (2015)  

Camel 46 1.92 1.39 IPCC (2019), FAO, 
Shang et al. (2015) 

Donkey 10 0.9 1.39 IPCC (2019), FAO, 
Shang et al. (2015)  

Horse 18 1.64 1.39 IPCC (2019) , FAO, 
Shang et al. (2015) 

Pig 1 3.5 0.33 Hu & Wang (2010); 
Shang et al. (2015) 

Sheep 5 0.15 0.3 IPCC (2019), Hu & 
Wang (2010) 

Goat 5 0.17 0.2 IPCC (2019), FAO,  
Hu & Wang (2010) 

Poultry  0.02 0.02 Shang et al. (2015) 
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𝐴𝐶𝐸𝑇 = 𝐸!"#$%&' + 𝐸*(+',"$$('& + 𝐸!(-'&./+0 (2.4) 

2.3.2 The Theil Index Estimation Method  

There is vast territory and abundant resources in China. However, significant disparities exist 

among regions because of differences in resource endowments, hydrothermal conditions, 

agricultural structure, economy and technology. Hence, it is important to examine the regional 

discrepancies and spatiotemporal variations in carbon emissions in Chinese agriculture (Cui et 

al., 2022; Liu & Yang, 2021; Wen et al., 2022). For geographical characteristics, I divide the 

sample into four groups to analyse the regional differences in ACEs.  

According to the National Bureau of Statistics of China, our sample comprises four major 

regions: the Eastern, Central, Western, and Northeastern regions. The Eastern region covers 10 

provinces and cities: Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, 

Guangdong and Hainan. The Central region includes six provinces: Shanxi, Anhui, Jiangxi, 

Henan, Hubei and Hunan. The Western region covers 12 provinces or districts: Inner Mongolia, 

Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu Province, Qinghai, 

Ningxia and Xinjiang. The Northeastern region consists of three provinces: Liaoning, Jilin and 

Heilongjiang. 

When conducting regional discrepancy analysis, the regional difference decomposition analysis 

is commonly used because it is a great method to examine regional differences. Several methods 

have been used in previous studies, including the LMDI method (Akram et al., 2019; Guo et 

al., 2021); the Dagum Gini coefficient (Zhang et al., 2022); and the Theil Index. Compared with 

other methods, the Theil Index has distinct advantages in measuring within-region differences 

and between region differences. The Theil Index is a type of “entropy” method is obtained by 

setting the general entropy standard index (C) to 0 (Cui et al., 2022). The reason for setting C 

equal to 0 is that this can provide valuable insights when analysing the contribution rate of the 

differences within and between regions to overall disparities. Typically, the Theil Index ranges 

from 0 to 1, with a small value indicating a small difference and the greater value denoting a 

greater disparity (Cui et al., 2022). I use the Theil Index to examine the regional disparities. 

The models are as follows: 

 

𝑇 =
1
𝑘&2

𝐶1
𝐶̅
× ln

𝐶1
𝐶
7

0

123

 (2.5) 
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 (2.7) 

In equation (2.5), 𝑇  represents the Theil index, which shows the disparity of ACEs at the 

national level. The values of 𝑇 range from 0 to 1. A smaller 𝑇 indicates lower overall disparity 

in ACEs and a larger 𝑇 indicates greater overall disparity. Here, 𝑞 represents a province, 𝑘 

denotes the number of provinces, and 𝐶1 	signifies the ACEs for province 𝑞. In equation (2.6), 

𝑇,	signifies the overall difference in the Theil index for region 𝑝; 𝐾, represents the number of 

provinces in region 𝑝; 𝐶,1 	stands for the agricultural carbon emissions of province 𝑝 in region 

𝑞; and 𝐶, represents the average agricultural carbon emissions for the provinces in region 𝑝. In 

equation (2.7), 𝑇5 indicates the within-region difference and 𝑇6 signifies the between-region 

difference, which is obtained by further decomposing 𝑇, . Additionally, 𝑇5 𝑇⁄ 	and 𝑇6 𝑇⁄  are 

defined as the contributions of within-region and between-region differences to the overall 

difference, respectively. (𝐶, 𝐶⁄ )*(𝑇, 𝑇⁄ ) signifies the individual contribution of each region to 

the total intra-regional disparity, with 𝐶, denoting the sum of agricultural carbon emissions in 

the provinces in the region and 𝐶 represents the total agricultural carbon emissions for the entire 

country. 

2.3.3 Spatial Correlation Analysis Index  

I use Moran’s I Index to investigate whether there is a spatial correlation. There are two types 

of Moran’s I Index. One is the global Moran’s I Index, which shows global spatial 

autocorrelation. The other is the local Moran’s I Index, which examines local spatial correlation 

(Liu & Yang, 2021; Zhang et al., 2022). Equation (2.8) estimates local Moran’s I indexes:  

𝐼 =
∑ ∑ 8"#	

%
#&' (:";:)(:#;:)%

"&'
=( 	∑ ∑ 8"#	

%
#&'

%
"&'

 (2.8) 

where: 𝑛 represents the number of samples under study; 𝐶( is the ACET in region 𝑖; 𝐶 is the 

sample mean; 𝑆> is the sample variance; and 𝑊(? 	is the element in row 𝑖, column 𝑗 of the spatial 

matrix. The value 𝐼 ranges from -1 to 1. If “ 𝐼 > 0”, it means that there is a positive spatial 

correlation among the regions. Conversely, if “𝐼 < 0”, it signifies a negative spatial correlation. 

If “𝐼 = 0”, it suggests that there is a random distribution among the regions. The greater 

absolute value of 𝐼, the more significant the correlation of spatial distribution.  
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The spatial weight matrix 𝑊(? can be obtained using geographical adjacency matrices, inverse 

distance matrices, economic distance matrices, nested economic matrices and time distance 

matrices. Neighboring provinces share similar natural resources and climate, which leads to a 

clustering of agricultural production, so I use a simple binary geographic adjacency matrix 

following the Queen adjacency rule to obtain the spatial matrix 𝑊(?. According to the Queen 

adjacency rule, adjacent is identified by sharing a common edge or vertex (corner) among 

regions. The matrix 𝑊 is constructed as follows: the values along the principal diagonal are 

assigned a value of 0 and, if region 𝑖 is adjacent to region 𝑗, 𝑊(? 	is set to 1; otherwise, it is set 

to 0. I use Geoda software to create spatial weights, conduct related spatial analysis and Arcmap 

to draw spatial maps. 

2.4 Results and Discussion  

2.4.1 The Temporal Characteristics of ACET  
Figure 2.1 shows China's total ACET from 2001 to 2020 has four fluctuating stages. The first 

stage is from 2001 to 2005, the second is from 2005 to 2007, the third is from 2008 to 2015, 

and the fourth is from 2016 to 2020. The general trend and peak are confirmed by Liu et al. 

(2021) and Yang et al. (2022). However, the specific timeline is somewhat different. In the first 

stage, the ACET increases from 90565.86 104 tonnes of ACEs to 99985.15 104 tonnes with an 

average growth rate of 2.52%. Notably, during 2004 and 2005, there is a sharp increase in 

ACET, with the maximum growth rate reaching 4.95%. This can be attributed to China’s 

government policies. In 2004, the Chinese government issued the No.1 central document, with 

a theme focusing on agriculture, rural areas, and farmers, that emphasizes the top priority of the 

“three rural” issues. The policy significantly promoted farmers’ enthusiasm for raising farmland 

(Liu & Yang, 2021; Tian et al., 2014), which led to more production materials being invested 

in agriculture, resulting in a significant increase in ACET (see Table 2.3). The growth rate of 

ACET from rice paddies reached 7.06%, and land use rose to 5.54%, contributing to most of 

the increase in ACET. This demonstrates that government policy promoted agricultural 

production. During the second stage, ACET decreased sharply, with a growth rate of -3.17% in 

2006 and -3.80% in 2007 (see Table 2.3). The decline in the growth rate of livestock and poultry 

contributed most to the decrease in the total growth rate, with growth rates of -8.75% in 2006 

and -11.85% in 2007. This decline may attributed to decreased production of livestock because 

of avian influenza in 2006 and the impact of natural disasters such as flooding in the Huaihe 

Basin in 2007 (Xu et al., 2017). 
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Figure 2.1 Total agricultural carbon emissions and their annual growth rate in China from 
2001 to 2020 (unit 10@tonnes) 

Source: Author’s calculations and compilation  
 

During the third stage, from 2008 to 2015, the total ACEs rebound from the decline in 2007 

and keep an upward trend to reach a peak in 2015. The continued rise in this period can be 

attributed to the large amount of agricultural inputs such as fertilizer, pesticide, and agricultural 

plastic film used (Yang et al., 2022). Liu et al.(2021) confirm that the amount of fertilizer, 

which accounted for one-third of the world's consumption in 2015, was a leading cause of the 

peak in carbon emissions. The fourth stage, from 2016 to 2020, shows a decline in ACET after 

peaking in 2015. The main reason for this decline is because of the green agriculture 

development strategy proposed by the Chinese government. To achieve green development of 

agriculture, China’s Ministry of Agriculture issued two policy documents in 2015: the Zero 

Growth Action Plan for Fertilizers by 2020 and the Zero Growth Action Plan for Pesticides by 

2020.  

The Ministry of Finance and the Ministry of Agriculture jointly issued Establishing a Reform 

Plan for Agricultural Subsidy System Guided by Green Ecology in December 2016. The general 

office of the State Council in China issued Opinions on Promoting the Development of Green 

Agriculture by Innovating Institutions and Mechanisms in September 2017. These documents 

demonstrate the determination of the Chinese government to promote green agriculture.  
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The results show changes in total ACET from 2001 to 2020 are significantly related to 

government policies; agricultural input is one of the most important factors influencing the 

amount of ACET, which also suggests that the extensive growth model of Chinese agriculture 

depends mainly on agricultural inputs.  

2.4.2 The Regional and Structure Characteristics of Agricultural Carbon 
Emissions Total 

The ACET varies in different regions. The ACET of the western region is the highest, followed 

by the central region, eastern region, and northeastern region (see Figure 2.2). The reason that 

the western region has the highest total ACEs is that it covers more provinces and is a more 

extensive geographic area (Su et al., 2023). The ACET shows similar trends for the central and 

western regions, with an “increase, decrease, increase and decrease” pattern, though the eastern 

region shows a continuing decline after 2005. In contrast, the northeastern region shows a 

decline from 2001 to 2016, with a slight decrease after 2016. The results are consistent with 

those in the study by Liu et al. (2021). 

 

Table 2.3 Agricultural Carbon Emissions of China from 2001 to 2020 (unit:104 tonnes) 

Year Livestock 
ACEs 

Growth 
rate 

Rice 
paddies 
ACEs 

Growth 
rate 

Land use 
ACEs 

Growth 
rate 

Total 
ACEs 

Growth 
rate 

2001 40228.17 - 22602.97 - 27734.73 - 90565.86 - 
2002 41067.50 2.09% 22475.52 -0.56% 28294.06 2.02% 91837.08 1.40% 
2003 42439.72 3.34% 21390.32 -4.82% 28782.21 1.72% 92612.25 0.84% 
2004 43918.37 3.48% 22900.52 7.06% 30378.00 5.54% 97196.89 4.95% 
2005 45355.53 3.27% 23299.15 1.74% 31330.47 3.14% 99985.15 2.87% 
2006 41385.21 -8.75% 23164.94 -0.58% 32268.63 2.99% 96818.78 -3.17% 
2007 36482.66 -11.85% 23189.12 0.1% 33478.36 3.75% 93150.15 -3.80% 
2008 36250.40 -0.64% 23380.60 0.83% 34036.16 1.67% 93667.16 0.56% 
2009 36812.60 1.55% 23696.86 1.35% 35018.85 2.89% 95528.32 1.99% 
2010 37173.03 0.98% 23784.82 0.37% 36047.14 2.93% 97004.98 1.55% 
2011 36787.92 -1.03% 23874.45 0.38% 37005.16 2.66% 97667.53 0.68% 
2012 37039.30 0.68% 23843.05 -0.13% 37892.81 2.40% 98775.16 1.13% 
2013 37335.02 0.80% 23956.18 0.47% 38492.69 1.58% 99783.89 1.02% 
2014 37953.46 1.66% 24106.86 0.63% 39078.11 1.52% 101138.43 1.36% 
2015 38333.44 1.00% 24402.47 1.23% 39351.77 0.70% 102087.67 0.94% 
2016 38139.13 -0.51% 24560.48 0.65% 39096.58 -0.65% 101796.19 0.29% 
2017 36050.07 -5.48% 24705.42 0.59% 38408.26 -1.76% 99163.76 -2.59% 
2018 33974.32 -5.76% 24621.79 -0.34% 37185.74 -3.18% 95781.85 -3.41% 
2019 32492.13 -4.36% 24419.02 -0.82% 35938.99 -3.35% 92850.14 -3.06% 
2020     33189.91 2.15% 24618.93 0.81% 35141.43 -2.22% 92950.28 0.1% 
Source: Author’s calculations 



 18 

 

Figure 2.2 Regional areas of agricultural carbon emission in China from 2001-2020 
Source: Author’s calculations 

 

Regarding the average ACET, the central region ranks highest with an average annual of 

5073.187 x 104 tonnes, followed by the northeastern, western, and eastern regions (see Table 

2.4). The reason that the central region had the highest average annual ACET is because the 

area covers most parts of the grain-producing provinces Anhui, Jiangxi, Henan, Hubei and 

Hunan. The second largest average annual ACET is for Liaoning, Jilin, and Heilongjiang 

provinces, which are also important grain-producing provinces.  

Different regions show variations in the local ACET composition (see Table 2.4). For the 

eastern region, the ACEs from land use are the largest source, accounting for 45.3% of the 

average annual volume, followed by livestock (28.15%) and rice paddies (26.5%). For the 

central region, ACEs from rice paddies contribute the most significant portion of ACET 

(39.42%), followed by land use (32.33%) and livestock (28.25%). For the northeastern region, 

ACEs from livestock are 1289.984 x 104 tonnes, accounting for 45.93%, followed by land use 

(44.14%) and rice paddies (9.93%). For the western region, ACEs from livestock contributed 

the most, 57.6% of the average annual volume, followed by land use (29.89%) and rice paddies 

(12.51%). The variations in the ACET composition of the different regions significantly 

demonstrate regional differences. The central region is China's most important rice-producing 

area, covering seven grain-producing provinces (Yang et al., 2022).   
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Regarding the national ACET structure, the largest ACET source is livestock and poultry, 

followed by land use and rice paddies (see Table 2.5). The annual average ACET from livestock 

and poultry is 38120.396 x 104 tonnes, accounting for 39.5% of the average yearly ACET. The 

ACET from land use is 36%, and rice paddies account for 24.2% of the annual average ACET.  

Table 2.5 Descriptive Statistics of ACEs Structure 
Variable  Obs  Mean  Std. Dev.  Min  Max 
 Livestock ACEs 20 38120.396 3389.552 32492.125 45355.527 
 Ricepaddies ACEs 20 23649.674 863.931 21390.316 24705.424 
 Landuse ACEs 20 34748.008 3811.401 27734.727 39351.766 
 Total ACEs 20 96518.077 3530.975 90565.859 102087.67 
Source: Author’s calculations 
 

The structure of ACET changes between 2001 and 2020 with variations in proportions over the 

observed years (see Figure 2.3). The figure shows the proportion of ACET from livestock and 

poultry to total ACET declined from 2003. The percentage of ACET from land use increased 

Table 2.4 The Agricultural Carbon Emission of China’s Different Regions  

Region Stats Livestock 
ACEs 

Rice paddies 
ACEs Land use ACEs   ACET 

Eastern 

N 200 200 200 200 
mean 722.2618   680.6988 1161.985 2564.946 
sd 818.6171 914.5196 1042.343 2105.251 
min 23.08907 0.03969 52.68224 75.83746 
max 3386.58 3020.568 3496.996 6784.182 

Central 

N 120 120 120 120 
mean 1433.103 1999.904 1640.18 5073.187 
sd 920.4908 1380.804 853.5987 1867.949 
min 447.2314 0.12578 528.8328 1103.628 
max 4397.935 3633.956 3667.531 7409.948 

Northeastern 

N 60 60 60 60 
mean 1289.984 278.6661 1239.912 2808.563 
sd 157.4569 264.0202 370.8764 714.6279 
min 918.3548 75.32729 730.0103 1877.882 
max 1519.062 824.4517 2052.223 4338.275 

Western 

N 240 240 240 240 
mean 1535.767 333.9385 797.2785 2666.984 
sd 805.7574 532.832 535.1029 1482.177 
min 254.0009 0 27.9306 432.0933 
max 3500.8 1923.48 2084.491 6176.572 

Total 

N 620 620 620 620 
mean 1229.69 762.8927 1120.903 3113.486 
sd 871.3554 1069.848 841.3265 1980.045 
min 23.08907 0 27.9306 75.83746 
max 4397.935 3633.956 3667.531 7409.948 

Source: Author’s calculations 
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from 2005 and became the most significant percentage of total ACET from 2012 until 2020. 

 
Figure 2.3 Total agricultural carbon emissions and their composition for China from 2001 
to 2020 (Unit 10@tonnes)  
Source: Author’s calculations and compilation 

2.4.3 Further Analysis Results on Regional Differences  

Table 2.6 presents the Theil Index of ACET and its contribution by region from 2001 to 2020. 

From the table, the overall and regional Theil Index and the contributions of regional Theil 

Index results to the overall Theil Index can be seen. Notably, the contributions within areas and 

between areas are provided. Table 2.6 shows that the Theil Index has a slightly fluctuating 

downward trend over the years, which indicates that ACEs’ inequality is declining across 

regions. This result is consistent with the findings of Cui et al. (2021), despite the fact that they 

calculated the Theil Index based on the intensity of ACEs and per capita ACEs rather than total 

ACEs. The Theil Index for the eastern region is far larger than for other regions, indicating a 

greater inequality of ACEs in this region.  
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Table 2.6 The Theil Index of Total Agricultural Carbon Emissions and Regional Contributions  

Year 
Theil Index Contribution Rate of the Theil Index 

Country  Eastern  Central  Northeast  West Within areas Between areas Eastern  Central  Northeast  West Within areas Between areas 
2001 0.223 0.355 0.084 0.007 0.173 0.184 0.039 0.477 0.117 0.002 0.250 0.825 0.175 
2002 0.227 0.358 0.080 0.009 0.168 0.186 0.041 0.480 0.111 0.003 0.240 0.819 0.181 
2003 0.224 0.364 0.082 0.007 0.162 0.185 0.039 0.481 0.114 0.002 0.234 0.826 0.174 
2004 0.226 0.372 0.084 0.006 0.159 0.186 0.039 0.490 0.117 0.002 0.228 0.826 0.174 
2005 0.225 0.376 0.086 0.007 0.157 0.187 0.038 0.492 0.118 0.002 0.228 0.832 0.168 
2006 0.225 0.381 0.087 0.010 0.156 0.187 0.038 0.487 0.121 0.004 0.228 0.832 0.168 
2007 0.221 0.374 0.088 0.012 0.154 0.183 0.038 0.471 0.123 0.005 0.224 0.829 0.171 
2008 0.218 0.361 0.091 0.013 0.154 0.179 0.039 0.444 0.127 0.005 0.227 0.820 0.180 
2009 0.218 0.358 0.092 0.015 0.152 0.176 0.042 0.431 0.130 0.006 0.223 0.808 0.192 
2010 0.218 0.359 0.091 0.019 0.150 0.175 0.043 0.425 0.130 0.008 0.221 0.803 0.197 
2011 0.217 0.361 0.090 0.023 0.148 0.174 0.043 0.424 0.128 0.010 0.219 0.800 0.200 
2012 0.218 0.367 0.088 0.026 0.148 0.174 0.044 0.427 0.125 0.011 0.219 0.799 0.201 
2013 0.218 0.368 0.086 0.028 0.147 0.173 0.046 0.422 0.123 0.012 0.218 0.791 0.209 
2014 0.219 0.372 0.085 0.029 0.147 0.173 0.047 0.420 0.122 0.012 0.221 0.788 0.212 
2015 0.221 0.378 0.085 0.028 0.147 0.173 0.048 0.420 0.123 0.012 0.222 0.782 0.218 
2016 0.222 0.383 0.085 0.029 0.145 0.173 0.050 0.420 0.123 0.012 0.220 0.777 0.223 
2017 0.223 0.389 0.084 0.036 0.143 0.174 0.049 0.424 0.121 0.015 0.219 0.779 0.221 
2018 0.224 0.396 0.083 0.043 0.141 0.175 0.049 0.429 0.120 0.018 0.219 0.781 0.219 
2019 0.222 0.399 0.082 0.039 0.139 0.173 0.049 0.425 0.118 0.016 0.218 0.778 0.222 
2020 0.220 0.399 0.081 0.043 0.135 0.170 0.050 0.416 0.116 0.018 0.214 0.772 0.228 
Source: Author’s calculations 
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Figure 2.4 shows how regional disparities in ACEs changed across the various Chinese regions 

from 2001 to 2020. There are four different lines: a red dotted line, a purple dashed line, a solid 

purple line, and a light blue dash-dotted line, showing the evolving trends of the Theil Index in 

eastern, central, northeastern, and western regions, respectively, in China. There are two other 

lines: a dark blue dashed line and a yellow dashed line, representing the Theil Index of intra-

regional and inter-regional inequality. The index figure reveals a decreasing trend from the 

eastern, western, and central to the northeastern region. This result is different from the findings 

in Cui et al. (2022), where the Theil Index shows a different trend, with the western region 

highest, followed by the central, eastern and northeastern regions. The different choices of 

proxy ACEs compared with total ACEs in this study and the carbon emissions intensity in their 

study contribute to the inconsistent results between the studies. Additionally, the reason that the 

eastern region exhibits the most significant Theil Index is that the eastern region covers a large 

north-south span including Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, 

Shandong, Guangdong, and Hainan, that have significant differences in natural endowments, 

resource conditions, and agricultural cultivation patterns, resulting in substantial variations in 

total carbon emissions among the provinces, leading to considerable internal disparities. 

 

 
Figure 2.4 Trends in the Theil Index of total agricultural carbon emissions in China’s regions 

from 2001-2020 

Source: Author’s calculations 
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Figure 2.5 presents the regional contribution rates to the Theil Index, showing the individual 

contribution of each region to the total disparity. The eastern region has the most significant 

rate, followed by the western, central, and northeastern regions. Despite being ranked first in 

contribution rate, the eastern region has a fluctuating downward trend. Notably, the contribution 

rate of the northeastern region is the lowest among the four regions, remaining below 0.1 from 

2001 to 2020. The contribution rates of the central and western regions show a similar trend, 

with the rates remaining relatively stable.  

 

 
Figure 2.5 Trends in Theil Index contribution rate of total agricultural carbon emissions of 

China’s regions from 2001-2020 

Source: Authors’ calculations 

2.4.4 The Spatial Characteristics of Total Agricultural Carbon Emissions 

Table 2.7 presents the global spatial autocorrelation analysis of ACET across 31 Chinese 

provinces over two decades using an adjacency matrix. The Global Moran Index remains 

positive during the period, indicating a positive spatial correlation. This result is consistent with 

the findings in Liu and Yang (2021) and Zhang et al. (2022) who also report positive spatial 

correlations in their studies. However, the positive spatial trend is not statistically significant in 
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indicates significant spatial clustering of ACET. In contrast, from 2007, the p-values rose above 

0.05, indicating a lack of statistical significance in spatial autocorrelation. There is a general 

declining trend in Moran's I values over time, suggesting a gradual decrease in spatial clustering 

among the regions. The finding aligns with Su et al. (2023).  

 
Table 2.7 Global Moran’s I Index of Carbon Emissions Intensity 
Year Moran's I P-value Year Moran's I P-value 
2001 0.2385 0.016 2011 0.1444 0.076 
2002 0.2347 0.017 2012 0.1420 0.079 
2003 0.2150 0.033 2013 0.1413 0.081 
2004 0.1828 0.044 2014 0.1326 0.088 
2005 0.1589 0.062 2015 0.1316 0.088 
2006 0.1412 0.080 2016 0.140 0.080 
2007 0.1240 0.104 2017 0.1346 0.086 
2008 0.1307 0.098 2018 0.1237 0.101 
2009 0.1373 0.087 2019 0.1194 0.105 
2010 0.1415 0.082 2020 0.115 0.108 

Source: Author’s calculations 

Figure 2.6 reports the results of Local Moran's I scatterplots for 2001 and 2020. It compares the 

changes in spatial autocorrelation of ACET at the local level. A Moran’s scatterplot consists of 

four quadrants divided by horizontal and vertical axes. The horizontal axis shows the 

standardized value of ACET and the vertical axis indicates the standardized spatial lag of ACET. 

The spatial lag is the average value of the ACET for neighboring areas. In the two scatterplots, 

there is a decrease in spatial autocorrelation over time, with a drop from 0.238 in 2001 to 0.115 

in 2020, indicating a reduced emissions clustering. This decrease in emissions clustering may 

be attributed to the spread of low-carbon technologies that can weaken the spatial concentration 

of ACET (Liu & Yang, 2021). The scatter in the first quadrant scatterplot in 2001 refers to the 

Hubei, Anhui, Shandong, etc., provinces revealing a significant high-high cluster in these areas. 

In contrast, the third quadrant displays low-low clusters that include Neimenggu, where lower 

emissions are regionally grouped. In the 2020 scatterplot, there is a high-high cluster for Hubei, 

Anhui, and Shandong, but the low-low cluster is not obvious for Neimenggu. 

 

 

 

 



 25 

 

Figure 2.6 Local Moran cluster diagrams of China’s provincial agricultural carbon 
emissions in 2001 and 2020 
Source: Author’s calculations 

Figure 2.7 shows the average ACET of each province in China from 2001 to 2020. The figure 

shows that the highest ACET appears in Henan province, followed by Hunan, Sichuan, 

Shandong, and Hubei, which are major grain-producing regions in China. 

 

Figure 2.7 The averagte agricultural carbon emissions of each Chinese province from 
2001 to 2020 
Source: Author’s calculations  

 



 26 

2.5 Conclusion and Recommendations 

Based on the panel data for 31 provinces in China, I measured the provincial level of ACEs 

from three carbon sources: agricultural land use, rice paddy cultivation, and livestock 

production by referring to the IPCC Guidelines for National GHG Inventories and China's 

P2rovincial Guidelines for GHG Inventories (Trial) in 2023 from 2001 to 2020. I use the 

statistical methods of the Theil Index and Spatial Moran’s Index to explore ACEs' temporal, 

regional, structural, and spatial characteristics in China. The results contribute to the literature 

by providing a more comprehensive measurement of ACEs covering broader carbon sources, 

including agricultural land use, rice paddies cultivation, and livestock production, which are 

often overlooked in previous studies. I also provide a more comprehensive description of 

provincial ACEs’ various characteristics: temporal, regional, structural, and spatial. The results 

give policymakers more insights on ACEs to help formulate more robust emissions reduction 

policy measures.   

The main results of the study are as follows. First, China’s total ACEs show a fluctuating 

downward trend, with an increase from 2001 to 2005 followed by a decline until 2007 and then 

a steady rise to a peak in 2015, and then they decrease. Government policies play an important 

role in the changes in the total amount of ACEs. Secondly, livestock production is the most 

significant contributor to total emissions, accounting for about 40%, followed by land use 

emissions caused by pesticides, fertilizers, and agricultural films, representing 36% of the 

average annual ACET. However, for the central region, the main grain-producing region in 

China, the ACEs from rice paddies’ cultivation account for the most significant proportion. 

Thirdly, the national Theil Index has a fluctuating downward trend, and the regional Theil 

Indexes show that the eastern region is significantly higher than the western, central, and 

northeastern regions. Finally, the Global Moran Index shows spatial autocorrelation in the 

observed years, but the local Moran's I scatterplots show a decline in spatial autocorrelation.  

The study’s results provide significant policy implications for the Chinese government to 

formulate differential carbon emissions reduction policy measures. First, the Chinese 

government or related organizations must develop a standardized measurement system for 

ACEs to ensure the consistent, accurate assessment of ACEs. Although the academic 

community is paying more attention to measuring ACEs, there is no unified opinion on a 

measurement standard, which is not conducive to long-term tracking and comparison of ACEs. 

Therefore, it is important to develop a standardized measurement system for ACEs. 
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Second, since different regions have different ACE structures, formulating a unified ACE 

reduction policy is not conducive to regional ACE reduction. It is necessary to establish ACE 

reduction policy measures tailored to local conditions. Different regions should develop their 

own measures according to their local geographical characteristics and natural endowments, 

thereby combating climate change. The central region, mainly focused on the plant industry, 

should optimize farmland management by improving fertilizer use efficiency, reducing the 

amount of chemical fertilizers used, and using conservation tillage. For the western region, 

improving livestock management, such as optimizing feed formulations and manure 

management, is crucial to reducing ACEs.   

Finally, considering the decrease in regional disparity indicated by the Theil Index and the 

spatial autocorrelation of ACEs, it is important to formulate region-specific strategies and 

emphasize regional cooperation in ACEs reduction. For neighboring regions with the same 

natural endowments and economic structures, building a knowledge and technology-sharing 

system to share successful emission reduction technologies and management practices is 

important. Coordinating policies and incentives in the neighboring regions will create a 

supportive environment for sustainable development in rural communities that benefits all. 
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Essay One (Part 2) 

The Nexus of Agricultural Growth, Financial Development and 

Agricultural Carbon Emissions 

3.1 Introduction  

Climate change from carbon emissions severely impacts the global environment and poses 

significant threats to economic and social development (Pata, Dam, et al., 2023;Yang et al., 

2021). Agriculture, a prominent source of carbon emissions, plays a substantial role in climate 

change by directly generating GHG but is also severely impacted by climate change (Agovino 

et al., 2019; Yang et al., 2022). On the one hand, agricultural activities significantly contribute 

to carbon dioxide, methane, and nitrous oxide levels (Duxbury, 1994; Johnson et al., 2007; 

Smith et al., 2008). The GHG emissions generated by agricultural activities, such as livestock 

and arable farming, account for 23% of anthropogenic GHG emissions, the second largest 

source of GHG (Cui et al., 2022;Wen et al., 2022). Conversely, agriculture is profoundly 

impacted by climate change (Agovino et al., 2019; Gokmenoglu & Taspinar, 2018); extreme 

weather caused by climate change poses significant challenges to sustainable agricultural 

production.  

With increasing recognition of the significant role of agriculture in climate change, the global 

community is committed to reducing carbon emissions from the agricultural sector (Bell et al., 

2014). Agriculture in China has seen great developments since the reform and opening of China. 

However, these developments came at a huge loss of natural resources and environmental 

quality. Regarding carbon emissions, the agriculture sector alone contributes 17% of the 

country's total carbon emissions (Yu et al., 2023). Against the backdrop of the “dual carbon” 

strategy, that is, the carbon peak and carbon neutrality strategy, Chinese agriculture faces great 

challenges in reducing carbon emissions while meeting the food demands of its vast population. 

In the context of rural revitalization, securing the food demand alone is insufficient; pursuing 

the sustainability of agriculture is the priority goal. The sustainability of agriculture includes 

agriculture growth and environmental protection. In terms of environmental performance, 

reducing ACEs becomes essential due to climate change. Therefore, how to achieve agricultural 

growth and reduce ACEs becomes a critical issue for sustianable development.  

However, many studies have investigated the relationship between economic growth and 

carbon emissions reduction (e.g., Khan et al., 2021; Mahmood et al., 2023; Pata & Caglar, 2021). 
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Some studies use EKC Theory to investigate the relationship between the two, but there is 

limited research on agricultural growth and ACEs (Xiong et al., 2016). Currently, few studies 

have investigated the relationship between agricultural growth and ACEs (Zafeiriou & Azam, 

2017). 

Furthermore, the EKC Theory is frequently used as a basic theory to investigate the relationship 

between growth and environmental pollution, is criticized by many scholars for omitting some 

important variables, such as energy consumption, foreign trade, and technological progress. To 

improve study robustness and accuracy, many studies have investigated the nexus of growth-

carbon emissions by incorporating other crucial factors, among which, the nexus of growth-

energy-carbon emissions is an important literature strand (Acheampong, 2018; Narcisse et al., 

2023; Zhang et al., 2019). For instance, Narcisse et al.(2023) empirically examined the N-

shaped relationship between economic growth and carbon emissions by incorporating energy 

use and domestic government health expenditure in China. Considering the significant role of 

financial development in the nexus between growth and carbon emissions, there is a need for 

research on the impact of financial development on the EKC Theory. 

This essay aims to fill the literature gap by including financial development and analysing the 

relationship between agricultural growth, ACEs and rural financial development. This essay 

makes several contributions. First, it extends the EKC framework to the agricultural sector, 

which has been neglected for a long period compared with the industrial sector. Second, this 

essay mitigates omitted variable bias in the EKC hypothesis by including financial development 

in the EKC framework, contributing to the literature, and provides practical policy insights for 

reducing ACEs. Lastly, the essay improves methodological accuracy by addressing 

heterogeneity and cross-sectional dependence in the panel data analysis, which were neglected 

in similar studies. By doing so, the essay provides more robust, reliable empirical results.  

The essay is structured as follows: Section 2 reviews the related literature. Section 3 outlines 

the data and methodology used in the study. Section 4 presents and discusses the empirical 

findings. Section 5 concludes the study with policy recommendations. 

3.2 Literature Review  

3.2.1 The Relationship Between Economic Growth and Carbon Emissions 

The relationship between environmental quality and economic growth has been extensively 

discussed with intensified recognition of environmental protection. Against this background, 

the EKC Theory gained global acceptance as an important theory for investigating this 
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relationship. The pioneering study by Grossman and Krueger (1991) posited that the 

relationship between income and environmental pollution showed a non-linear inverted U-

shaped relationship. Initially, an increase in income led to an increase in environmental 

pollution. After achieving a threshold, pollution declined as income rose, producing an inverted 

U-shape. Shafik and Bandyopadhyay (1992) tested this relationship for 10 environmental 

indicators across 149 countries from 1960 to 1990. Panayotou (1993) used cross-sectional data 

to investigate the EKC Theory using four different environmental indicators against nominal 

GDP in the late 1980s. The author’s findings confirm the EKC Theory across all examined 

indicators. Panayotou (1995) posits that technological innovations and strict environmental 

regulations were crucial factors in shaping the relationship. The EKC Theory is supported by 

both empirical studies and theoretical research. For instance, some studies adopted the green 

Solow model and macroeconomic production and utility functions to validate the theory (Tenaw 

& Beyene, 2021). Table 3.1 summarises studies that investigate the relationship between 

income and carbon emissions.  
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Despite the EKC Theory gaining wide acceptance, some scholars still challenged it, arguing 

that there may be other forms of relationship, such as a U-shape and N-shape, between income 

and carbon emissions (Martino & Nguyen-Van, 2016; Özokcu & Özdemir, 2017; Tenaw & 

Beyene, 2021). Additionally, the omitted variable bias is a critical issue that must be addressed 

when analysing the relationship (Javid & Sharif, 2016; Kirikkaleli & Kalmaz, 2020; Sarkodie 

& Strezov, 2019). 

To explore the complex relationship between economic growth and carbon emissions, a cubic 

functional form was widely used by scholars to determine whether an inverse relationship 

emerges (Akbostancı et al., 2009; Dinda, 2004; Grossman & Krueger, 1995; Özokcu & 

Özdemir, 2017; Panayotou, 1997). Grossman and Krueger (1995) argue that a cubic functional 

form is adaptable enough to capture the diverse, fluctuating patterns between GDP and pollution, 

particularly when applying flexible dummy variables to different GDP intervals.  

Table 3.1 A Summary of the Environmental Kuznets Curve Literature  

Study Data set Period Methodology Results 

Ozturk & Acaravci (2013) Time series data for 
Turkey  1960-2007  ARDL model Confirm  

EKC 

Heidari et al. (2015) Panel data of five 
ASEAN countries  1980-2008 PSTR model Confirm  

EKC 

Dogan & Seker (2016) Panel data for OECD 
countries 1975-2011 

Dynamic 
seemingly 
unrelated 
cointegrating 
regressions 

Confirm 
EKC   

Gokmenoglu & Taspinar 
(2018) 

Time series data for 
Pakistan 1971-2014 FMOLS model Confirm  

EKC 

Pata (2019) Time series data for 
Turkey  1969-2017 ARDL model Confirm  

EKC 

Tenaw & Beyene (2021) 
Panel data for 20 
Sub-Saharan African 
countries  

1990-2015 ARDL Confirm  
EKC 

Thio et al. (2023) Panel data for 10 
countries  2000-2014 Panel quantile 

regression  
Confirm 
EKC 

Farooq et al. (2022) Panel data for 180 
countries 1980-2016 Panel quantile 

regression  
Confirm  
EKC 

Wang, Zhang, et al. (2022) Time series data for 
China 1995-2017 VECM model Confirm 

EKC 

Jahanger et al. (2023) 

Panel data for top 9 
thermonuclear 
energy-producing 
countries 

1990-2017 
Moments 
quantile 
regression 

Confirm 
EKC 

Pata et al. (2023) Time series data for 
German 1974-2018 FMOLS model Confirm   

EKC 
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To address the issue of omitted variable bias, many studies incorporated more variables into the 

EKC framework (Javid & Sharif, 2016), including natural resources, energy consumption, 

globalization, technological innovation and environmental regulations (Jahanger et al., 2023; 

Khan et al., 2021; Leal & Marques, 2020; Pata & Caglar, 2021). This provides better validation 

of the EKC hypothesis. However, there is a need for more research to investigate the impact of 

financial development on the EKC curve, since financial development (FD) is an important 

factor affecting economic growth and carbon emissions.  

3.2.2 The Relationship Between Financial Development and Carbon Emissions 

Despite extensive research on the relationship between economic growth and carbon emissions, 

there is a lack of studies that investigate the impact of FD on EKC curves. Further, the limited 

research presents conflicting results, with some studies arguing that FD significantly enhances 

environmental sustainability by reducing carbon emissions (Adams & Klobodu, 2018; Dar & 

Asif, 2018; Khan et al., 2021) whereas others suggest a negative impact of FD on environmental 

quality (Ahmad et al., 2022; Javid & Sharif, 2016). 

According to the literature, FD can help reduce carbon emissions. It contributes to carbon 

emissions reduction through two mechanisms. First, FD facilitates investment in clean energy 

and environment-friendly technology, leading to improved energy efficiency and reduced 

carbon emissions (Dogan & Seker, 2016; Hussain et al., 2023; Saidi & Mbarek, 2017). For 

example, Khan et al. (2021) investigated the impacts of FD and energy consumption on carbon 

emissions using panel data from 1990 to 2017 in 184 countries and indicated that FD can help 

reduce carbon emissions. Secondly, FD directly impacts the structure of industries, influencing 

carbon emissions through changes in the consumption of materials and the generation of waste 

(Hussain et al., 2023). Others argue that FD can negatively impact environmental quality by 

increasing the ecological footprint (Ahmad et al., 2022) or increasing emissions (Javid & Sharif, 

2016; Sehrawat et al., 2015; Shahbaz et al., 2016). For instance, Acheampong’s (2019) study 

used 46 Sub-Saharan African countries’ panel data from 1980 to 2015 to investigate the impact 

of FD. The author’s results show that FD raises carbon emissions. Similarly, Shahbaz et al. 

(2016) find that increased emissions is often associated with financial increases in the 

Pakistan’s banking sector from 1985 to 2014. Javid and Sharif (2016) reveal a correlation 

between Pakistan’s financial development and increased emissions from 1972 to 2013. 
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3.2.3 The Relationship Between Agricultural Growth, Financial Development and 
Agricultural Carbon Emissions  

Although substantial research has examined the relationship between economic growth and 

carbon emissions, there is a notable lack of emphasis on investigating the relationship between 

agricultural growth, ACEs and FD in rural areas. Several researchers have explored the 

relationship between agricultural growth and ACE (Luo et al., 2017; Wang & Lv, 2022; Xiong 

et al., 2016; Zafeiriou & Azam, 2017; Zhang et al., 2019). Xiong et al. (2016) conducted a 

decoupling relationship analysis to find that economic growth is the primary driver of increased 

ACEs. In contrast, efficiency was regarded as a crucial factor in reducing ACEs in Hotan 

Prefecture, China. Zafeiriou and Azam (2017) validated the EKC hypothesis for France, 

Portugal and Spain, however, in the short run, the EKC hypothesis for Spain still needs to be 

confirmed. Zhang et al. (2019) adopted the autoregressive distributed lag (ARDL) method to 

validate the EKC hypothesis for ACE in China's main grain-producing areas using time-series 

data. Similarly, Wang and Lv (2022) validated the EKC hypothesis for Henan Province, China.  

However, previous studies have focused on local areas rather than the provincial or national 

level. Some studies primarily focus on overall carbon emissions rather than ACEs, whereas 

others focus on carbon emissions from traditional crop farming, neglecting the substantial 

contribution of livestock farming to ACEs. Furthermore, many studies failed to pay attention 

to the significant role of FD. This essay uses China’s provincial-level panel data to bridge these 

gaps to investigate the relationship between agricultural growth, rural FD and ACEs from 2001 

to 2019. This provides a more comprehensive understanding of the relationships between 

agricultural growth, ACEs, and FD in rural China. 

3.3 Methodology and Data  

3.3.1 The Theoretical Framework and Model Construction 

The EKC Theory provides a significant framework for investigating the relationship between 

agriculture growth and ACEs. According to the theory, economic development is the top 

priority in the initial stage of economic growth. However, this development comes at a huge 

cost to resources and the environment. With economic growth, carbon emissions rise 

significantly. However, when economic growth reaches a certain level, people are more 

concerned about environmental quality. With the development of green technology, carbon 

emissions decrease because of the double effect of growing awareness and green technology 

development (Pata, Kartal, et al., 2023). The green Solow model (Brock & Taylor, 2005) and 

macroeconomic production and utility functions (Kijima et al., 2010) support the EKC 
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relationship theoretically (Tenaw & Beyene, 2021). Thus, I hypothesize the following 

relationship: 

H1: there is a nonlinear relationship between agricultural growth and ACEs in China with 

an inverted U-shaped relationship.  

However, some research challenges the EKC hypothesis by proposing that there is omitted 

variable bias in the EKC framework, since there are many other significant factors 

simultaneously impacting economic growth and the environment (Jahanger et al., 2023; Khan 

et al., 2021; Leal & Marques, 2020; Pata & Caglar, 2021). Notably, FD, as an important 

influencing factor on economic growth (and also carbon emissions level), has received great 

attention worldwide (Ahmad et al., 2022; Javid & Sharif, 2016; Khan et al., 2017; Shahbaz et 

al., 2016). FD impacts carbon emissions in several ways. First, a well-developed financial 

system can provide funds for green technology development and promote green innovation, 

contributing to decreased carbon emissions (Ahmad et al., 2022; Dogan & Seker, 2016; 

Shahbaz et al., 2016). Secondly, a developed financial system can provide high-quality financial 

services to environmental protection programs at a lower cost and, thereby, reduce carbon 

emissions (Shahbaz et al., 2013; Tamazian & Bhaskara Rao, 2010). Thirdly, a developed 

financial system can use the capital market to force companies to issue environmental 

performance reports and guide investors to adopt environment-friendly technology and reduce 

carbon emissions (Shahbaz et al., 2013). Further, a developed financial system can directly 

reduce carbon emissions by promoting a carbon trading market (Shahbaz et al., 2013). However, 

financial development can also help boost economic growth and increase energy consumption, 

leading to a substantial increase in carbon emissions (Ahmad et al., 2022; Shahbaz et al., 2016). 

In the context of the Chinese agriculture sector, FD can impact ACEs through two mechanisms. 

On the one hand, FD can improve farmers’ access to credit, enabling investments in 

environmentally sustainable technologies such as precision agriculture and renewable energy, 

contributing to decreased ACEs. On the other hand, FD may elevate ACEs by increased use of 

inputs such as fertilizers, pesticides, and energy-intensive machinery, which can enhance 

productivity while increasing ACEs. However, because of the limited development of the 

capital and carbon trading markets and the particularity of China's rural financial system, which 

mainly relies on the rural financial banking system, the impact of rural finance on ACEs is 

mainly through providing funds and promoting green technology development. Additionally, 

because of the characteristics of dispersed small-scale farmers of China’s agriculture, 

investment in green technology innovation is limited, which greatly decreases the impact of 

financial development on carbon emissions reduction in rural areas. In addition, with a 
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generally weak environmental protection awareness of farmers, the funds provided by the rural 

financial system go to energy-consuming and input-intensive agricultural activities that 

increase ACEs (Guo et al., 2022). Thus, I hypothesize the following relationship: 

H2: Rural financial development is not conducive to reducing ACEs.         

Because of China’s vast territory, there are great differences in natural endowments, agricultural 

structure, economic development and technology development in different regions (Cui et al., 

2022). The impacts of financial development and agricultural growth on ACEs may vary across 

regions. Thus, I hypothesize the following relationship: 

H3: The impacts of agriculture growth and rural financial development vary across 

regions.  

This study incorporates FD into the rural EKC framework for H1 and H2 using the cubic term 

that can provide more accurate information and capture the diverse patterns among agricultural 

growth and ACEs. This methodology is based on the previous studies such as Grossman and 

Krueger (1995), Panayotou (1997), Dinda (2004), Akbostancı et al. (2009) and Özokcu and 

Özdemir (2017).The specific equation in the context of our study is constructed as follows: 

𝑙𝑛𝐴𝐶𝐸𝑇(,. = 𝛼( + 𝛽3𝑅𝐺𝐷𝑃(. + 𝛽>𝑙𝑛𝐺𝐷𝑃(.> + 𝛽B𝑙𝑛𝐺𝐷𝑃(.B + 𝛽C𝑅𝐹𝑠(.	 + 𝛽D𝑅𝐹𝑒(.	

+&𝛽0

E

02F

ControlGH + 𝜇(. 
(3.1) 

where: 	𝑙𝑛𝐴𝐶𝐸𝑇(. is the logarithmic form of the core explained variable, ACET, measuring the 

total carbon emissions in the agricultural sector; 𝑙𝑛𝐺𝐷𝑃(.  is the logarithm of PGDP, which 

indicates the level of agricultural growth, defined by per capita of the rural GDP (RGDP) in 

rural areas; RFs and RFe are proxy indicators of FD, representing the scale and efficiency of 

rural finance development; 𝑖 represents the different provinces; and 𝑡 indicates the year. The 

intercept term, 𝛼( 	, indicates individual regional effects; 𝛽3	𝑡𝑜		𝛽E	are the coefficients to be 

estimated; 𝐶𝑜𝑛𝑡𝑟𝑜𝑙(. refers to a set of control variables, such as urbanization (UR), agricultural 

mechanization level (AML), agricultural industry structure (AIS), and agricultural fiscal 

expenditure (AFE); and 𝜇(. is the random error term. 

When β1 > 0 and β2 = β3 = 0, it suggests a monotonically increasing relationship between 

agricultural growth and ACEs. If β1 > 0, β2 < 0, and β3 = 0, it shows an inverted U-shape, 

which validates the EKC hypothesis. When β1 < 0, β2 > 0, and β3 = 0, this denotes a U-shape, 

suggesting that the ACEs decrease with the development of agricultural growth at the initial 

stage and, after a threshold level, it increases with the agricultural growth. When β1 > 0, β2 < 

0, and β3 > 0, it indicates an N-shape, with ACE increasing, decreasing, then increasing again 
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with GDP; when β1 < 0, β2 > 0, and β3 < 0, it indicates an inverted N-shape, with ACE  

decreasing, increasing, then decreasing again with GDP (Akbostancı et al., 2009; Dinda, 2004; 

Özokcu & Özdemir, 2017).  

To test H3, I conduct a regional heterogeneity analysis by dividing the sample into four groups 

based on the classification by the National Bureau of Statistics of China: the eastern, central, 

western and northeastern regions. A group regression analysis is performed to obtain robust 

results. Additionally, I use the system GMM (SYS-GMM) estimation method as a further check 

of the reliability of the estimates. 

Considering that ACET may have path dependence, ACET in the next period may have been 

affected by ACEs in the current period. Therefore, I introduced a lagged period of ACEs as an 

explanatory variable into the model to capture the dynamic effect and perform robust checks 

with equation (3.2): 

𝑙𝑛𝐴𝐶𝐸𝑇(,. = 𝛼( + 𝛾𝑙𝑛𝐴𝐶𝐸(.;3 + 𝜇3𝑅𝐺𝐷𝑃(. + 𝜇>𝑙𝑛𝐺𝐷𝑃(.> + 𝜇B𝑙𝑛𝐺𝐷𝑃(.B + 𝜇B𝑅𝐹𝑠(.	

+ 𝜇C𝑅𝐹𝑒(.	 +&𝜇0

I

02D

ControlGH + 𝜇(. 

 

(3.2) 

where: 𝑙𝑛𝐴𝐶𝐸(.;3 is the lagged period of the 𝑙𝑛𝐴𝐶𝐸(.	, and 𝛾 is the coefficient of the lagged 

ACE to be estimated. 

3.3.2 Estimation Strategy  

I test the EKC Theory and examine the impact of FD on ACEs using panel data from China’s 

31 provinces. Since many panel data studies analysis suggest that panel-data models are prone 

to significant cross-sectional dependence in errors (De Hoyos & Sarafidis, 2006; Dogan & 

Seker, 2016; Pesaran, 2021), this may arise from unobserved shocks, unobserved components, 

and local spillover effects among regions (Dogan & Seker, 2016; Pesaran, 2021). I adopt an 

appropriate method to test for the existence of cross-sectional dependence.  Since the data show 

large cross-sectional dimensions (N) and short time dimensions (T), it is reasonable to adopt 

the cross-sectional dependence (CD) test, which applies to data with large N and small T 

(Pesaran, 2021). 

If the issue of CD and heterogeneity exist in the data, the first-generation unit root tests, such 

as the Dickey-Fuller (ADF) test and Levin-Lin-Chu (LLC) test (Zhang et al., 2019), will not be 

effective and may lead to misleading results (Dogan et al., 2017; Pesaran, 2007). The cross-

sectional augmented Dickey-Fuller (CADF) and Im Pesaran-Shin (CIPS) panel unit root tests, 

which consider the existence of possible CD, are preferred to traditional panel unit root tests 
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(Pesaran, 2007). Therefore, I use the CADF and CIPS methods to conduct panel unit root tests 

to ensure valid regression results. 

Next, the F and LM tests are conducted to detect the presence of individual effects. If individual 

effects exist, the Hausman test will be conducted to determine which model should be chosen 

between the fixed effects and random effects model. After selecting the appropriate model, the 

estimator will be conducted to test hypotheses (1) and (2). Next, I conduct a regional 

heterogeneity analysis to test hypothesis (3). Finally, a series of robustness checks, including 

SYS-GMM method, are conducted to test the reliability of empirical results. The reasons I 

employ SYS-GMM estimator are as follows. Firstly, it enhances the precision of estimators in 

the context of dynamic panel data. In contrast to Difference GMM, which depends on first-

differencing to remove individual effects, SYS-GMM significantly improves asymptotic 

efficiency by combining differenced and level equations to produce more instruments. This 

increases overall efficiency and improves instrument validity (Blundell & Bond, 1998;Khan et 

al., 2021; Sun & Chen, 2022). Furthermore, SYS-GMM can be useful in panel data analysis, 

especially when considering individual heterogeneity, since it can address unobserved 

individual-specific effects that could bias ordinary least squares (OLS) estimates. Additionally, 

the SYS-GMM estimator helps account for autocorrelation (Khan et al., 2021) and addresses 

endogeneity using lagged values as instruments (Acheampong, 2018; Blundell & Bond, 1998).  

 

3.3.3 Data and Variables  

To systematically examine the impact of agricultural growth and rural financial development 

on ACEs, I use a panel dataset of China’s 31 provinces from 2001 to 2019. The key variables 

with their descriptions, measurements and data sources are now described next. 

3.3.3.1 Agricultural Carbon Emissions 
ACET, the dependent variable, measures the total carbon emissions of the agricultural sector. 

Traditional ACEs measurement methods mainly focus on carbon dioxide, often overlooking 

the significant contributions of methane and nitrous oxide to global warming (Cui et al., 2022; 

Su et al., 2023). I include these emissions to address the gap, providing a more comprehensive 

understanding of the impact of ACEs. 

In line with standard scientific practice, I convert emissions into carbon dioxide equivalents 

(CO2e) based on their global warming potential (GWP), facilitating a consistent comparison 

and a comprehensive environmental evaluation. Specifically, the ACEs here include carbon 

dioxide emissions from agricultural land use, methane emissions from rice paddies, and 



 38 

methane and nitrous oxide emissions from livestock. I calculate the total amount of ACEs using 

the strategies recommended by the IPCC (2019) and the Provincial Guidelines for GHG 

Inventories (Trial) of China (2023). The primary data to estimate the ACEs are from the China 

Statistical Yearbook, ensuring reliable estimates for the analysis. 

In my analysis, carbon emissions from agricultural land use cover a range of sources including 

agricultural inputs, diesel fuel used in machinery, emissions from farmland tillage, and 

electricity consumption for irrigation. I adopt a specific carbon emissions factor of 4.9341 kg 

C/kg for pesticides, based on Li et al. (2011) and Luo et al. (2017). Table 3.2 presents the 

various carbon emissions factors used in the study. 

Table 3.2 Carbon Emissions Factors from Agriculture Land Use 
Type Carbon emissions factor Source 

Pesticides (C kg/kg) 4.9341 Li et al. (2011); Luo et al. (2017) 
Chemical fertilizer 
(Ckg/kg) 

0.8956 Li et al. (2011); Luo et al.  (2017) 

Agricultural films    
(C kg/kg) 5.18 Li et al. (2011);Tian et al.(2014)  

Diesel (C kg/kg) 0.5927 
Li et al. (2011); IPCC United Nations 
Intergovernmental Committee of 
Experts on Climate Change (2019) 

Tillage (C kg/km2) 312.6 Li et al. (2011)  
irrigation (C kg/hm2) 266.48 West and Marland (2002); Luo et al. 

(2017) 

Rice paddies are a significant source of methane emissions (Qian et al., 2023). They are 

categorized into early, middle and late rice with corresponding emissions coefficients based on 

the research of Min and Hu (2012). Livestock contributes to ACEs through methane emissions 

from ruminant enteric fermentation and methane/nitrous oxide emissions from manure 

management. The emissions coefficients for the different livestock species are from the 

Intergovernmental Panel on Climate Change (2019). The total agricultural carbon emissions of 

each province can be estimated using equation (3.3):  

𝐸J:K& =&𝐸(

0

3

=& 𝑇(
0

3
𝛿( (3.3) 

where: 𝑖 represents the type of carbon source; 𝑘 ishe total number of carbon sources; 𝐸J:K& is 

the overall carbon emissions; 𝐸( is the carbon emissions of each specific carbon source; 𝑇( is 

the quantity of each specific carbon source; and 𝛿( 	denotes the carbon emissions coefficient for 

each specific carbon source. From 2001 to 2019, China’s total ACEs fluctuated through four 

distinct phases (see Figure 3.1).  
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Figure 3.1 Total ACEs and the annual growth rate of China’s ACEs from 2001 to 2020 
 (unit 10@tonnes) 
Source: Author’s calculations and compilation 

3.3.3.2 Core Explanatory Variables 

The core explanatory variables are PGDP and rural financial development. PGDP is agricultural 

growth, defined by the rural GDP (RGDP) per capita in rural areas. RGDP is the total value of 

agriculture, forestry, animal husbandry and fisheries. These data are from the China Rural 

Statistical Yearbook. The year 2001 is used as the base for the non-valence of the calendar year 

data. Financial development is defined as enhancing the quality and quantity of financial 

intermediary services (Muhammad et al., 2016), measured by various indicators such as the 

liquid liabilities to GDP ratio (Adams & Klobodu, 2018; Jalil & Feridun, 2011), deposit money 

bank assets to GDP ratio, stock market capitalization to GDP ratio (Abbasi & Riaz, 2016) and 

the ratio of private credit to GDP (Dogan & Seker, 2016; Javid & Sharif, 2016; Khan et al., 

2021). However, because of the characteristics of China’s financial system in that a significant 

part of deposits has been “sleeping”, which means that the deposits remain unused or inactive 

in banks (Zhang, 2011), the ratio of deposits or the sum of deposits and loans to GDP, frequently 

used in previous studies (Abbasi & Riaz, 2016; Tamazian & Bhaskara Rao, 2010), does not 
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accurately measure financial development in China. Additionally, previous studies failed to 

distinguish financial scale and efficiency(Zhang, 2011).  

The main financial capital comes from local financial institutions and the development of other 

markets, such as stocks and bonds, is limited in rural China (Mei et al., 2022). Therefore, I 

follow previous studies and use rural financial scale (RFs), calculated as the ratio of rural loans 

(RL) to rural GDP (RGDP), and rural financial efficiency (RFe), calculated as the ratio of rural 

loans (RL) to rural GDP (RGDP), to measure rural financial development. RFs denotes the rural 

financial intermediation scale and RFe reflects rural financial intermediation efficiency, which 

is the ability to allocate financial resources effectively (Liu et al.,2021; Zhang, 2011). 

3.3.3.3 Control Variables 

The control variables are: urbanization, agricultural mechanization, agriculture structure and 

agricultural fiscal expenses, denoted by UR, AML, AIS, and AFE. Urbanization refers to the 

process of the rural labour force shifting to urban areas. Reducing the labour force in rural areas 

leads to a change in agricultural production toward intensification, specialization and low 

carbon, thereby reducing ACEs (Han et al., 2021; Su et al., 2023). I use the ratio of the urban 

population to the total population to measure the urbanization level. The agricultural 

mechanization level is the input of agricultural machinery in the agricultural sector. A high 

agricultural machinery input means high energy consumption, producing more ACEs. It is 

proxied by the total power of agricultural machinery in each province (Ma et al., 2023). Since 

planting and animal husbandry are the main sources of ACEs for this study, the ratio of planting 

and animal husbandry output value to total agricultural output value is used to indicate the 

agricultural structure. Agricultural fiscal expense refers to the government’s financial support 

for the agricultural sector. Table 3.3 presents the study variables - the logarithmic form is used 

to eliminate heteroscedasticity in the data.  

3.4 Results and Discussion  

3.4.1 Pre-estimation Diagnostics  

Table 3.4 provides the descriptive statistics of the main study variables. ACEs represent the 

yearly total ACEs of each province from 2001 to 2019, with the maximum value observed in 

Henan province in 2005 and the minimum value in Beijing in 2019. PGDP represents per capita 

agricultural GDP of each province from 2001 to 2019 adjusted to constant prices in 2001. 
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Table 3.3 Definitions of the Study Variables 
Variable Definition Unit Time Data source 

ACET Total ACEs 103 tonnes 2001-2019 Estimated by author   

PGDP Rural GDP per capital  Constant 2001 
Chinese Yuan 2001-2019 China Rural Statistical 

Yearbook 

RFs Agricultural 
loan/RGDP % of RGDP 2001-2019 

China Rural Financial 
Services Report  
China Rural Statistical 
Yearbook 

RFe Agricultural loan/rural 
household deposits % 2001-2019 

China Rural Financial 
Services Report; 
China Financial 
Statistics Yearbook 

UR Urban population/Total 
Population  % 2001-2019 China Rural Statistical 

Yearbook 

AML 
Total power of 
agricultural machinery 
in each area  

million 
kilowatts 2001-2019 China Rural Statistical 

Yearbook 

AIS 

output value of farming 
industry and animal 
husbandry industry / 
RGDP 

% of RGDP 2001-2019 China Rural Statistical 
Yearbook 

AFE Fiscal expense on 
agriculture ¥ 108Yuan 2001-2019 China Rural Statistical 

Yearbook 
Source: Author’s compilation 

Table 3.4 Descriptive Statistics  
Variable Obs Mean  Std Dev. Min Max 

ACET 589 3119.569 1985.643 81 7410 
ACEI 589 1.814 1.284 0.294 7.608 
PGDP 589 6998.156 3835.733 1384 24010 
RFs 589 0.354 0.245 0.011 1.737 
RFe 589 0.414 0.255 0.003 1.266 
UR 589 0.514 0.157 0.168 0.896 
AML 589 2785.798 2703.728 94 13353 
AIS 589 0.834 0.103 0.538 0.988 
AFE 589 291.397 282.344 1 1311 
Source: Author’s compilation 

Table 3.5 presents the Pearson correlation matrix of the study variables. There are significant 

correlations between the dependent variable lnACE and most variables at the 1% significance 

level (RFs, RFe, UR, lnAML, AIS, and lnAFE). The highest correlation is between lnACE and 

lnAML (0.838) followed by UR (0.519), RFs (0.30), and lnAFE (0.293). For the different forms 

of income variables, lnPGDP, lnPGDP2 and lnPGDP3, significant correlations are at the 10%, 

5% and 5% significance levels, respectively. This suggests that models’ variables are free from 

multicollinearity issues. 
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Table 3.5 The Correlation Matrix of the Study Variables 

 lnACE
T 

lnPGD
P 

lnPG
DP2 

lnPGD
P3 

RFs RFe UR lnA
ML 

AIS lnA
FE 

lnACET   1.00          

lnPGDP   -0.078 
*  

1.00         

lnPGDP2 -0.083 
** 

0.99 
*** 

1.00        

lnPGDP3 -0.089 
** 

0.99 
*** 

0.99 
*** 

1.00       

RFs -0.30 
*** 

-0.02   -0.02 -0.02 1.00      

RFe 0.199 
*** 

-0.23 
*** 

-0.23 
*** 

-0.23 
*** 

0.15 
*** 

1.00     

UR -0.52 
*** 

0.70 
*** 

0.70 
*** 

0.69 
*** 

0.15 
*** 

-0.42 
*** 

1.00    

lnAML 0.84 
*** 

0.11 
*** 

0.10 
** 

0.10 
** 

-0.09 
** 

0.13*
** 

-0.28 
*** 

1.00   

AIS 0.11 
*** 

-0.44 
*** 

-0.44 
*** 

-0.43 
*** 

0.08 
** 

0.25 
*** 

-0.43 
*** 

0.12 
*** 

1.00  

lnAFE 0.29 
*** 

0.54 
*** 

0.53 
*** 

0.52 
*** 

0.22 
*** 

-0.26 
*** 

0.33 
*** 

0.48
*** 

-0.11 
*** 

1.00 

Note: ***, ** and * indicate statistical significance at the 1%, 5 % and 10% level respectively. 

 

Table 3.6 presents the Pesaran CD test results for each variable’s cross-sectional dependence. 

The results show that all variables are statistically significant at the 1% level, rejecting the null 

hypothesis of no interdependence, i.e., cross-sectional dependence exists among the variables.  

Table 3.6 Pesaran Cross Sectional Dependence Test Results of the Variables 
Variable Test stat. Prob. 
lnACET 13.7*** 0.000 
lnGDP 71.81*** 0.000 
lnGDP2 71.77*** 0.000 
lnGDP3 71.73*** 0.000 
RFs 18.25*** 0.000 
RFe 34.95*** 0.000 
UR 87.33*** 0.000 
lnAML 54.52*** 0.000 
lnAFE 92.18*** 0.000 
AIS 36.69*** 0.000 
Note: *** indicates statistically significant at the 1% level. 
 

Since cross-sectional dependence exists in the panel data, CADF and CIPS are used to address 

the cross-sectional dependence and guarantee the robustness of the unit root test. Table 3.7 

presents the results of the panel unit root tests. According to the CADF test, UR, lnAFE, and 
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AIS are stationary at level, whereas the other variables are not stationary at level but, after first 

differencing, they become stationary. Similarly, the results from CIPS test show that UR, 

lnAML, lnAFE, and AIS are stationary at level, and the other variables become stationary after 

first differencing. Notably, all the variables become stationary after first differencing, rejecting 

the null hypothesis at the 1% significance level, which implies that all variables are integrated 

in order (I (1)). This demonstrates that there is a long-run equilibrium relationship between the 

variables, ensuring the reliability and effectiveness of the subsequent estimates (Dou et al., 

2021). 

Table 3.7 Panel Unit Root Test of the Variables for Stationarity 
 Level First difference 
 Intercept Intercept & trend Intercept Intercept & trend 
Cross-sectionally Augmented Dicky-Fuller (CADF) 
lnACET -1.283 -2.236 -2.32*** -2.837*** 
lnGDP -1.785 -1.577 -2.431*** -2.93*** 
lnGDP2 -1.765 -1.918 -2.483*** -2.924*** 
lnGDP3 -1.749 -2.19 -2.617*** -2.909*** 
RFs -1.842_ -2.446 -2.865*** -2.93*** 
RFe -1.881 -2.039 -2.707*** -2.797*** 
UR -2.239*** -2.798*** -2.609*** -2.714*** 
lnAML -1.717 -2.389 -2.604*** -2.795*** 
lnAFE -2.657*** -3.06*** -3.254*** -3.796*** 
AIS -2.44*** -3.237*** -3.759*** -3.547*** 
Cross-sectionally Augmented IPS(CIPS) 
lnACET -2.005 -2.493 -3.379*** -3.804*** 
lnGDP -1.794 -1.636 -3.052*** -3.346*** 
lnGDP2 -1.746 -1.836 -3.062*** -3.301*** 
lnGDP3 -1.686 -2.070 -3.178*** -3.258*** 
RFs -1.984 -2.901*** -3.870*** -3.964*** 
RFe -1.848 -2.371 -3.701*** -3.618*** 
UR -2.045* -2.709** -3.170*** -3.169*** 
lnAML -2.093* -2.582* -3.625*** -3.573*** 
lnAFE -2.621*** -3.141*** -3.968*** -4.494*** 
AIS -2.468*** -3.184*** -4.269*** --4.289*** 
Note: ***, ** and *, indicate P < 0.01, 0.05, 0.10, respectively. 

3.4.2 Baseline Regression Results  

Table 3.8 presents the baseline regression results of Models (1), (2), and (3), which display the 

results without control variables, with control variables, and including fixed effects, 

respectively. The results reveal an inverted “N” shaped relationship between agricultural 

growth and ACEs in all models indicated by the models' negative linear, positive squared and 

negative cubic terms. This rejects our hypothesis (1), which posits a nonlinear relationship 

between agricultural growth and ACEs in China with an inverted U-shaped curve. The EKC 

curve is absent in rural China.  
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Table 3.8 Baseline Regression Results of the Factors Affecting Agricultural Carbon 
Emissions 
 (1) (2) (3) 
Variable lnACET lnACET lnACET 
lnPGDP -13.755* (6.81) -17.973*** (6.11) -16.389** (6.43) 
lnPGDP2 1.600** (0.78) 2.161*** (0.71) 1.971** (0.75) 
lnPGDP3 -0.061** (0.03) -0.084*** (0.03) -0.077** (0.03) 
RFs   -0.026 (0.06) -0.015 (0.06) 
RFe   0.165** (0.07) 0.146** (0.06) 
UR   -1.279*** (0.42) -1.183** (0.44) 
lnAML   0.154*** (0.05) 0.135** (0.05) 
AIS   0.711** (0.32) 0.679* (0.37) 
lnAFE   -0.048*** (0.01) -0.012 (0.02) 
_cons 46.729** (19.74) 55.129*** (17.53) 50.712*** (18.42) 
N 589.000 589.000 589.000 
r2_a 0.113 0.578 0.618 
year No No Yes 
F 3.322 12.680 47.974 
Notes: Standard errors are in parentheses; ***, ** and *, indicate P < 0.01, 0.05, 0.10, 

respectively  

The results from model (1) show that, initially, when RGDP increases by 1%, it leads to a 

13.755% decrease in ACEs. However, after a threshold level, a 1% increase in RGDP leads to 

a 1.6% increase in ACEs and then, at another threshold a 1% increase in RGDP causes a decline 

in ACEs of 0.061 %. After introducing the control variables into model (2), the results still 

show an inverted ‘N’ shape that is statistically significant at the 1% level. Model (3), which 

includes fixed effects after controlling some influencing variables, also reveals an inverted ‘N’ 

shape but at the 5% significance level. These findings reject hypothesis (1), indicating that the 

EKC curve does not exist in rural China.  

Several factors contribute to the inverted “N” shaped relationship. During the initial stage, an 

increase in RGDP is not mainly caused by agricultural production but also by non-agricultural 

activities since, during this stage, the trade-off between revenue and the high cost of farming 

activities leads farmers into the non-farming sector, leaving farmland abandoned, which causes 

a decrease in ACEs. Since the issue of the No.1 Central Document in 2004, which emphasizes 

the top priority of the “three rural” issue, farmers’ enthusiasm for using farmland and other 

agricultural activities was extensively promoted (Liu et al., 2021; Tian et al., 2014), which led 

to more production materials invested into agricultural use, resulting in a significant increase in 

ACEs. 

Models (2) and (3), which include financial development indicators, demonstrate that RFe 

significantly contributes to the increased ACEs at the 5% level in both models, whereas RFs 

negatively impacts on ACEs but it is not statistically significant, which confirms our hypothesis 
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(2), suggesting that financial development in rural areas is not conducive to reduce ACEs. 

Specifically, a 1% increase in RFe leads to a 0.165% increase in 45:ACEs in model (2) at a 5% 

significance level. In contrast, RFs negatively impact ACEs; every 1% increase in RFs leads to 

a 0.026% decrease in ACEs but with no statistical significance. Model (3) shows similar results 

even when controlling for individual and time-fixed effects.  

RFs is the rural financial scale, a financial scale that indicates that more funds can be invested 

into all kinds of economic activity. The results from Models (2) and (3) reveal that RFs may 

reduce ACEs despite no statistical significance. This suggests that rural financial development 

can provide more financial resources for agricultural production and promote green technology 

in rural areas, thereby lowering emissions (Liu et al., 2021). Conversely, RFe reflects the 

efficiency of the financial system in allocating financial resources; it shows an increase in ACEs. 

A possible reason is that environmental protection awareness in rural areas is not strong, leading 

to more funds being invested in energy-consuming and input-intensive agricultural operations. 

This finding is consistent with the study by Acheampong et al. (2019) who argue that FD can 

provide greater access to high-energy consumption activities that impact environmental quality 

negatively.  

For the control variables in model (2), the results present a positive impact of lnAML and AIS 

on ACEs. Specifically, a 1% increase in the agricultural mechanization level is accompanied 

by a 0.154% increase in ACEs (significant at the 1% level), suggesting that higher agricultural 

machinery use contributes to increased carbon emissions. Similarly, a 1% increase in AIS leads 

to a 0.711% increase in ACEs. In contrast, UR and lnAFE show a significant negative impact 

on ACEs at the 1% level, suggesting that urbanization and government financial support to the 

agriculture sector can help to reduce ACEs. The possible reason that government financial 

support can mitigate ACEs could be attributed the government’s allocation of funds to eco-

friendly agricultural programmes and investment in agricultural technology and infrastructure 

that reduce ACEs. Model (3) produces similar results, which supports model (2)’s findings. 

3.4.3 Heterogeneity Analysis 

Table 3.9 displays the findings of the heterogeneity analysis, which strongly supports our 

hypothesis 3. Hypothesis 3 posits that impacts of agricultural growth and rural financial 

development vary by region. First, the impact of agricultural growth varies across regions, with 

an inverted “N” shape appearing for the eastern, central and northeastern regions at a 1% 

significance level, confirming the consistency of the inverted “N” shaped relationship. The 

relationship fails to have statistical significance in the west despite negative linear, positive 
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quadratic and negative cubic terms. 

Table 3.9 The Effects of Heterogeneity on the Effects of Rural Economic Growth and 
Financial Development on Total Agricultural Carbon Emissions 

Variable  
Whole 
country 

Eastern 
region 

Central 
region 

Western 
region 

Northeastern 
region 

lnACE lnACE lnACE lnACE lnACE 
lnPGDP -16.398*** -84.286*** -44.336*** -1.296 -87.701*** 
 (2.80) (12.71) (7.53) (5.30) (31.30) 
lnPGDP2 1.972*** 9.113*** 5.438*** 0.099 9.831*** 
 (0.33) (1.39) (0.91) (0.63) (3.50) 
lnPGDP3 -0.077*** -0.328*** -0.219*** 0.002 -0.364*** 
 (0.01) (0.05) (0.04) (0.02) (0.13) 
RFs -0.015 -0.243*** 0.023 0.100*** -0.610* 
 (0.02) (0.04) (0.05) (0.03) (0.31) 
RFe 0.145*** 0.480*** 0.333*** -0.060 0.309** 
 (0.03) (0.06) (0.09) (0.05) (0.13) 
UR -1.183*** 0.474 -1.287** -1.536*** 0.564 
 (0.22) (0.32) (0.53) (0.58) (0.97) 
lnAML 0.135*** 0.207*** 0.117*** -0.015 0.027 
 (0.02) (0.03) (0.03) (0.05) (0.07) 
AIS 0.678*** 0.497*** -0.375 0.412 0.168 
 (0.12) (0.18) (0.23) (0.26) (0.96) 
lnAFE -0.013 -0.020 0.024 0.028 -0.050* 
 (0.01) (0.02) (0.02) (0.02) (0.03) 
_cons 50.738*** 264.461*** 126.730*** 11.020 265.885*** 
 (8.01) (38.77) (20.89) (14.79) (93.42) 
N 589.000 190.000 114.000 228.000 57.000 
r2_a 0.597 0.866 0.690 0.490 0.955 
year      
F 34.310 46.511 10.506 9.499 45.464 
Note: Standard errors in parentheses, ***, ** and *, indicate P < 0.01, 0.05, 0.10, 

respectively  
 

Secondly, the impact of FD varies across regions. The results show RFs had a significant 

negative impact on ACEs in the eastern and northeastern regions at the 1% and 10% level, 

respectively, but a significant positive impact in the western region at the 1% level and in the 

central region no statistically significant impact. RFe positive impacts ACEs in the eastern, 

central, and northeastern regions with a significance level of 1%, 1%, and 5%, respectively, 

which is consistent with the results of the national sample. However, it shows a negative impact 

for the western region, but not statistically significant. 

The reason that the impact of rural FD on ACEs differs between the western region and other 

regions could be attributable to differences in development level. The eastern, northeastern, and 

central regions are more developed than the western region regarding economic growth and FD 

level. Xu et al.’s (2022) finding supports this result by revealing that there is an inverted U-
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shaped relationship between rural FD and ACEs, suggesting that ACEs initially increase with 

FD growth, but eventually decrease with FD growth because more capital is invested in 

agricultural green technology.  

3.4.3 Robustness Check 

Several robustness tests were conducted to ensure the validity and accuracy of the empirical 

results on the relationship between agricultural growth, rural financial development and ACEs. 

3.4.3.1 GMM Regression  
The SYS-GMM method is commonly used to overcome the weakness of first difference GMM 

to maximize the use of instruments and improve estimation precision (Acheampong, 2018; 

Adams & Klobodu, 2018). The SYS-GMM is superior to the first difference GMM in 

controlling for endogeneity by including lagged dependent variables as instruments in both the 

level and first difference equations, providing consistent, efficient estimators (Acheampong, 

2018; Blundell & Bond, 1998).  

Table 3.10, Column (3), shows the results of SYS-GMM; the current period of ACEs is 

significantly, positively impacted by lagged ACEs at the 1% level and the inverted “N” shaped 

relationship is confirmed by the negative first-degree term, positive quadratic term and negative 

cubic term. RFs has a significant negative impact on ACEs at the 1% and RFe has a significant 

positive impact on ACEs but only at the 10% level. Table 3.10 also compares the SYS-GMM 

estimates with the pooled OLS regression and two-way fixed-effects models and shows 

consistent results.  

Table 3.10 Robustness Check: A Comparison of the GMM Regression Results 

Variable  (1) (2) (3) 
OLS FE GMM 

L.lnACE 1.006*** (0.01) 0.869*** (0.02) 0.937*** (0.03) 
lnPGDP -1.090 (1.52) -5.255*** (1.60) -0.204*** (0.08) 
lnPGDP2 0.140 (0.18) 0.632*** (0.19) 0.038** (0.02) 
lnPGDP3 -0.006 (0.01) -0.025*** (0.01) -0.002** (0.05) 
RFs -0.029*** (0.01) -0.024** (0.01) -0.095*** (0.03) 
RFe 0.028*** (0.01) 0.009 (0.02) 0.039* (0.02) 
UR -0.009 (0.03) 0.017 (0.13) -0.003 (0.10) 
lnAML 0.003 (0.00) 0.040*** (0.01) 0.041** (0.02) 
AIS 0.070*** (0.02) 0.337*** (0.06) 0.389*** (0.005) 
lnAFE -0.012*** (0.00) -0.015** (0.01) 0.005 (0.01) 
_cons 2.723 (4.37) 14.592*** (4.62) -55.555* (30.94) 
ar2p   0.087 
hansenp   1.000 
N 558.000 558.000 558.000 
Notes: Standard errors in parentheses; ***, ** and *, indicate P < 0.01, 0.05, 0.10, 
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respectively 

3.4.3.2 The explained variable is advanced by one period 
To account for the lagged effects of agricultural growth and rural FD on ACEs, the explained 

variable is forwarded by one period to address the endogeneity issue caused by reverse causality. 

The result is shown in Column (1) of Table 3.11.  

Table 3.11 Robustness Check: Shifting the Dependent Variable One Period Forward and 
Alternative Variable for Agricultural Carbon Emission 

Variable  (1) (2) (3) 
               f.lnACE lnACEI f.lnACEI 

lnPGDP -17.903** (6.54) -11.806 (8.81) -14.173 (8.48) 
lnPGDP2 2.161*** (0.76) 1.450 (1.05) 1.748* (1.01) 
lnPGDP3 -0.085*** (0.03) -0.056 (0.04) -0.068* (0.04) 
RFs -0.031 (0.07) -0.036 (0.08) -0.051 (0.08) 
RFe 0.142** (0.07) 0.163* (0.08) 0.162** (0.07) 
UR -0.995** (0.45) 0.011 (0.59) -0.004 (0.59) 
lnAML 0.154** (0.06) 0.121* (0.06) 0.136** (0.06) 
AIS 0.624 (0.38) 0.195 (0.41) 0.218 (0.41) 
lnAFE -0.025 (0.02) -0.042* (0.02) -0.051** (0.02) 
_cons 54.657*** (18.66) 29.347 (24.78) 35.514 (23.82) 
N 558.000 589.000 558.000 
r2_a 0.607 0.834 0.831 
year Yes Yes Yes 
F 39.897 133.030 238.666 
Notes: Standard errors in parentheses.* p < 0.1, ** p < 0.05, *** p < 0.01 

 
3.4.3.3 Alternative Variable for Agricultural Carbon Emissions 

Considering that there are two methods: the total ACEs and ACEs’ intensity, to measure the 

carbon emissions level in the agricultural sector, to ensure the validity of results, I use ACEs 

intensity and forward period of ACEs intensity as alternative variables to examine the impact 

of agricultural growth and rural FD on ACEs. The results are shown in Column (2) and (3) of 

Table 3.11. The results of Columns (2) and (3) are not as significant as in Column (1), but they 

still provide robustness for the baseline results. Additionally, the forward period of ACEs 

intensity is also used to conduct heterogeneity analysis, which further provides the robustness 

test (see Table 3.12). 

 

Table 3.12 The Effects of Heterogeneity in the Effects of Rural Economic Growth and 
Financial Development on ACE Intensity  

Variable 
(1) Whole 

country 
(2) Eastern 

region 
(3) Central 

region 
(4) Western 

region 
(5)Northeastern 
region 

F.lnACEI F.lnACEI F.lnACEI F.lnACEI F.lnACEI 
lnPGDP -14.173*** -113.493*** -68.570*** 9.239** -101.395*** 
 (3.14) (14.05) (9.47) (4.61) (26.34) 
lnPGDP2 1.748*** 12.381*** 8.353*** -1.087** 11.460*** 
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 (0.37) (1.54) (1.15) (0.55) (2.95) 
lnPGDP3 -0.068*** -0.449*** -0.335*** 0.048** -0.429*** 
 (0.01) (0.06) (0.05) (0.02) (0.11) 
RFs -0.051** -0.234*** -0.088 0.060** -1.137*** 
 (0.03) (0.04) (0.06) (0.03) (0.25) 
RFe 0.162*** 0.382*** 0.334*** -0.008 0.445*** 
 (0.03) (0.06) (0.11) (0.04) (0.11) 
UR -0.004 2.998*** 0.235 -0.380 2.308** 
 (0.24) (0.34) (0.62) (0.49) (0.87) 
lnAML 0.136*** 0.263*** 0.095*** -0.089** 0.085 
 (0.02) (0.03) (0.03) (0.04) (0.06) 
AIS 0.218 0.370* -0.738*** 0.182 0.437 
 (0.14) (0.21) (0.27) (0.21) (0.80) 
lnAFE -0.051*** -0.038 0.030 0.002 -0.027 
 (0.01) (0.02) (0.02) (0.02) (0.02) 
_cons 35.514*** 342.561*** 185.476*** -27.608** 295.305*** 
 (8.95) (42.74) (26.15) (12.82) (78.43) 
N 558.000 180.000 108.000 216.000 54.000 
r2_a 0.821 0.894 0.932 0.897 0.989 
year      
F 100.274 59.334 57.929 73.323 184.826 
Notes: Standard errors in parentheses; ***, ** and *, indicate P < 0.01, 0.05, 0.10, 
respectively  
 

3.5 Conclusion and Recommendations 

To systematically examine the impact of agricultural growth and rural financial development 

on ACEs, this essay uses a panel dataset of the 31 Chinese provinces from 2001 to 2019 to test 

the EKC Theory. I examine the impact of FD on ACEs in rural China using the fixed effects 

method, the SYS-GMM method, and alternative variable methods used to provide a robustness 

check to ensure the validity of the results. Cross-sectional dependence in the data is also 

considered to confirm the results’ accuracy.  

The main findings of the study are as follows. First, the EKC Theory does not apply in rural 

China, but an inverted "N" shape curve appears for the relationship between agricultural growth 

and ACEs. Secondly, the role of rural FD in China’s agricultural sector in reducing ACEs has 

not been thoroughly used. RFe is significantly positively correlated with ACEs, and RFs are 

negatively correlated with ACEs, but the relationship is not insignificant. Thirdly, there is a 

heterogeneous impact on agricultural growth and FD on ACEs.  

Based on the findings, several policy implications can be drawn to reduce ACEs for Chinese 

agriculture. First, regarding the impact of policies contributing to the inverted “N” relationship 

between agricultural growth and ACEs, more policies to reduce ACEs are needed because 

economic growth cannot automatically resolve environmental issues. Secondly, since the role 
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of rural FD has not been fully studied for the agricultural sector, more measures, especially 

environmentally friendly measures such as green finance, should be promoted in rural areas. 

Green finance not only provides financial resources to environmentally friendly programmes 

and green agricultural practices but also helps promote environmental protection awareness in 

rural areas. Thirdly, given the significant role of fiscal expenses in agriculture, more targeted 

fiscal policies and green agricultural investments should be promoted to contribute to 

environmental sustainability. Finally, regional variation emphasizes the need for each region to 

formulate differentiated ACEs’ reduction policies based on regional characteristics.  

3.6 Limitations and Future Research  

This study has several limitations. First, the data sample includes only 31 Chinese provinces 

because of the data availability. If there were a higher density data, such as county-level data, 

then the heterogeneity of ACEs and the impacts of financial development on ACEs could 

provide more insights for policymakers. Second, because this study analyses only the impact 

of financial development on ACEs, we need more mechanism analysis on how it impacts ACEs. 

Finally, this study uses mainly macro-level data for empirical analysis. However, farmers’ 

green behaviours, such as adopting green agricultural practices, also impact ACEs but this lacks 

analysis at the micro level. Further research can focus on micro-level analysis to investigate the 

impact of financial development on ACEs. If a higher-density dataset can be obtained, an in-

depth analysis can be conducted.  
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Essay Two 

The Impact of Green Finance Development on Agricultural Carbon 

Emissions  

4.1 Introduction 

A carbon emissions reduction target has been proposed because of the increasing severity of 

the global environment in recent years, making green development a common sense approach 

for the global community (Ofori et al., 2023; Tenaw & Beyene, 2021; Yu et al., 2023). For 

example, in 2015, the Paris Climate Agreement Conference set emissions reduction targets to 

limit global warming (Lan et al., 2023). In 2020, the European Union issued the European 

Green Deal with the goal of achieving carbon neutrality by 2050 (Zhang, 2023). The United 

Nations Climate Change Conference of the Parties (COP26) in 2021 was to promote efforts to 

achieve net-zero emissions by 2050 (Ofori et al., 2023).  

However, how to achieve green development and reduce carbon emissions has become a 

significant global issue (Lee & Lee, 2022; Zhang, 2023). The literature shows that green finance, 

which aims to address environmental and sustainable issues by leading the capital from carbon-

intensive and polluting businesses to low carbon industry, has been considered an effective way 

to reduce carbon emissions and achieve green development (Lan et al., 2023; Liu & Wang, 

2023; Zhang et al., 2022). Green finance, including all kinds of green financial instruments, 

such as green credit, green bonds, green insurance and green funds, emerges as an important 

green innovation to foster the growth of environmentally friendly projects while minimizing 

the negative environmental effects (Zhang, 2023). For the mechanism of how green finance can 

contribute to carbon emissions reduction and achieve green development, scholars have 

analyzed the topic from different perspectives. For example, Lee et al. (2023) argue that green 

finance contributes to carbon emissions reduction by promoting economic growth, technical 

innovation, industrial upgrading, and renewable energy transition. The role of green finance in 

promoting green development and carbon emissions reduction has not only been emphasized 

by the research community but also by international organizations and most of the world’s 

governments. For example, the European Union initiated carbon emissions trading in 2005, the 

world’s first emissions trading system (Zhang, 2023).  

China has achieved remarkable economic development as the largest developing and transition 

country. However, that development came at a huge cost such as environmental pollution with 
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the extensive growth (Shahbaz et al.,2022; Zhang, 2023; Zhou et al.,2022). As a responsible 

country, China pledged to achieve a carbon peak in 2030 and carbon neutrality by 2060 (Lee & 

Lee, 2022; Yu et al., 2023). Green finance became an important means to achieve sustainable 

development for China. Compared with other countries, the development of green finance 

started later but has shown rapid development (Hou et al., 2023) because of great efforts by the 

Chinese government. As early as 2012, China issued the Green Credit Guidelines that greatly 

promoted the green credit market in China (Qin & Cao, 2022; Zhang et al., 2022). In 2016, the 

document "Guiding Opinions on Establishing a Green Financial System" was jointly issued by 

seven departments of the Chinese government, which made China the first country to establish 

such a system. In 2017, eight green financial innovation reform pilot zones in five Chinese 

provinces were established (Hou et al., 2023; Zhang, 2023). Thus, China became the largest 

green bond market in the world (Zhang, 2023). 

Extensive research on the role of green finance in China has focused on the relationship between 

green finance and green growth (Taghizadeh-Hesary et al., 2022; Zhang et al., 2022; Zhou et 

al., 2022). Some studies investigated the effects of green finance policies, including the pilot 

zone (Hou et al., 2023; Liu & Wang, 2023; Zhang, 2023) and green credit policies (Qin & Cao, 

2022; Zhang et al., 2022). Some studies investigated the relationship between green finance, 

renewable energy investment, and green innovations (Mngumi et al., 2022; Sun et al., 2022; 

Zhang et al., 2022). Much research on the relationship between green finance and carbon 

emissions reduction has been conducted (Lee et al., 2023; Sharif et al., 2022; Zhang et al., 2022). 

However, there is limited research on green finance and ACEs, given the significant role of 

green finance in green agricultural development in the context of rural revitalization.  

This essay bridges that gap by exploring the nexus between green finance and ACEs using 

quantile regression and a panel dataset of 31 Chinese provinces from 2007 to 2020 to analyze 

the asymmetric effect of green finance on ACEs. The study uses the DID model to empirically 

examine the effects of green finance policies on ACEs and provide comprehensive insights for 

policymakers to formulate different policies tailored to the agricultural sector. There are three 

contributions from the study. First, the study examines the role of green finance in reducing 

carbon emissions in the agricultural sector, a previously overlooked sector compared with the 

industry and energy sectors. Secondly, the study uses quantile regression to examine the 

asymmetric effects of green finance across different quantiles, providing more robust results 

and critical information for formulating policies. Finally, the study provides a new perspective 

on the effects of the Green Finance Reform and Innovation Pilot Zones. 
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The essay two is structured as follows. Section 2 provides the relevant literature review. Section 

3 provides the theoretical background and develops the hypotheses. Section 4 discusses the 

methodology and data. Section 5 presents the empirical results, and Section 6 concludes the 

essay with policy implications.  

4.2 Literature Review  

4.2.1 Research on Green Finance  

Green finance originates from the growing awareness of environmental protection and the 

recognition of the necessity for the financial system to consider environmental risk (Irfan et al., 

2022). It was first proposed by Salazar (1998) but emerged then as “ environmental finance.” 

Salazar (1998) believes environmental finance is financial innovation to balance economic 

development and environmental protection. Cowan (1999) argues that environmental finance, 

which is part of sustainability, is designed to pay for an environmental protection level. Labatt 

and White (2002) posited that environmental finance avoids environmental risks and addresses 

environmental challenges. In China, green finance is defined by the Guidelines for Establishing 

the Green Financial System (2016) as economic activities to provide financial services for 

project investment, financing, operation and management in environmental protection (Hou et 

al., 2023). 

Despite there being no unified definition of green finance (Irfan et al., 2022; Shi et al., 2022), 

topics on green finance have been extensively discussed. Scholars have studied green finance 

from different perspectives, such as how to measure green finance development (Lv et al., 2021), 

the significant role of green finance contributing to green growth (Desalegn & Tangl, 2022; 

Sadiq et al., 2022; Taghizadeh-Hesary, et al., 2022), the relationship between green finance and 

green innovation (Yu et al., 2021), green finance and renewable energy (Li & Umair, 2023; 

Mngumi et al., 2022; Zhang et al., 2022) , and the significant role of green finance policies (Shi 

et al., 2022; Sun et al., 2022; Yan et al., 2022; Zhang, 2023). For instance, Lv et al.(2021) 

established a green financial development index to measure the development level of 31 

provinces in China from 2010 to 2019. Using the DID model, mediation effects, and the panel 

vector autoregression model, Irfan et al.(2022) used panel data on China to test how green 

finance impacts green innovation. The results show that green finance promotes green 

innovation in economic growth, industry structure, and research and development in investment. 
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4.2.2 Research on the Relationship between Green Finance and Carbon 
Emissions 

Despite numerous studies on green finance from different perspectives, research on the 

relationship between green finance and carbon emissions is quite limited, only a few studies 

have investigated this relationship (Lee et al., 2023; Liu & Xia, 2022; Zhang et al., 2022). Meo 

and Karim (2022) used a quantile regression model to investigate the relationship between 

green finance and carbon emissions in 10 countries. The authors reveal that green finance exerts 

a negative impact on carbon emissions, but the impact varies across different quantiles. Zhang 

et al. (2022) used panel data on G20 economies to investigate the impacts of green finance and 

digital finance on carbon emissions. They show that green finance, renewable energy 

investment, and technology innovation decrease carbon emissions, and economic growth, 

energy consumption, trade, and foreign direct investments increase carbon emissions. Sharif et 

al. (2022) examined the impact of green technology innovation and green finance on carbon 

emissions in G7 countries from 1995 to 2019. They show that green finance decreases carbon 

emissions. However, some studies show different results regarding the relationship between 

green finance and carbon emissions. For instance, using the Hansen threshold regression model 

to analyze the impact of provincial-level green finance in China, Bai et al. (2022) reveal a non-

linear relationship between green finance and carbon emissions.  

4.3 The Theoretical Framework and Research Hypotheses 

Under the EKC framework, the relationship between carbon emissions and economic growth 

has an initial increase in carbon emissions with economic growth followed by a decrease after 

achieving a threshold level of economic growth (Grossman & Krueger, 1991; Panayotou, 1993; 

Shafik & Bandyopadhyay, 1992). However, the impact of FD in driving economic growth, 

according to the financial intermediation growth theory, makes FD an intermediate factor in the 

relationship between carbon emissions and economic growth (Durusu-Ciftci et al., 2017; Ofori 

et al., 2023). Tamazian et al. (2009) pioneered the investigation of the impact of FD on carbon 

emissions, economic growth, and energy consumption. Their results reveal that FD and 

economic growth are key factors in carbon emissions levels in BRIC economies. However, the 

impact of FD on carbon emissions remains controversial since it also exerts negative impacts 

on environmental quality and contributes to the carbon emissions level by providing more 

financial resources for some high-energy consuming and high-emissions industries (Shahbaz et 

al., 2016; Zhang, 2011).  
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Green finance aims to promote green development and address environmental challenges; it 

has a more obvious environmental protection function. Compared with traditional finance, 

green finance serves as an institutional arrangement to green the economy (Zhang, 2023). There 

are three channels in which green finance plays a role in reducing carbon emissions. First, green 

finance can directly provide financial support and capital to green industries, restraining the 

high-pollution and energy-consuming industries (Hussain et al., 2023; Lee et al., 2023), thereby 

contributing to reduced carbon emissions. Secondly, because of inherent characteristics such as 

high risk and low return of green innovation (Xiang et al., 2022), it always faces great financial 

constraints, but green finance can help alleviate these constraints and promote green technical 

innovations. Thirdly, green finance can upgrade industry structure by optimizing resource 

allocation and guiding consumption and investment, thus playing a significant role in carbon 

emissions reduction (Mo et al., 2023).  

Agriculture, as the base production sector of national economies (Zhu et al., 2021), can be 

transformed toward green development by promoting green finance. Green finance can provide 

financial support and capital to technologies and agricultural practices that are more 

environmentally friendly to achieve the sustainable development of agriculture. As an 

institutional arrangement (Zhang, 2023), it can promote the awareness of environmental 

protection in farmers by encouraging farmers to adopt more sustainable agricultural practices. 

Thus, I hypothesize the following relationship: 

H1: Green finance development negatively impacts the level of ACEs.  

Given the vast territory and great geographical diversity of China, different regions have 

different natural endowments, agricultural structures, production modes, economic 

development levels and technology development levels (Cui et al., 2022), which leads to greater 

regional heterogeneity both in green finance development and the levels and patterns of ACEs. 

The factors influencing ACEs, including government policies, research, and developments in 

investment in green technologies, also vary across different regions. Thus, I hypothesize the 

following relationships: 

H2: The impact of green finance on ACEs shows regional heterogeneity.    

H3: The impacts of green finance on different levels of ACEs vary.  

Brock and Taylor (2005) propose that there are three effects: the scale effect, technological 

progress effect, and structural transformation effect, of FD to promote economic growth. 

However, as an institutional arrangement, green finance is designed, and serves, as a policy tool 

and comprehensive financial service guided by the government to promote green development 



 56 

and address environmental challenges. Therefore, it has a fourth effect compared with 

traditional finance, the policy effect. Thus, I hypothesize the following relationship: 

H4:Green finance has a positive policy effect on ACEs. 

4.4 Methodology and Data  

4.4.1 The Baseline Model  

Essay two follow the studies by Dogan and Seker (2016) and Javid and Sharif (2016) in using 

provincial level panel data of China to investigate the impact of green finance on ACEs. To test 

hypothesis (1), a two-way fixed effects model pted as follows: 

𝑙𝑛𝐴𝐶𝐸𝑇(.=𝛼(++a3𝑙𝑛𝐺𝐷𝑃(. + 𝛼>𝑙𝑛𝐺𝐷𝑃(.> + 𝛼B𝑙𝑛𝐺𝐷𝑃(.B +

𝛼C𝐺𝐹(.+𝛼0𝑋(.+𝜇(. (4.1) 

  

where: 	𝑙𝑛𝐴𝐶𝐸𝑇(.  indicates the carbon emissions level of the agricultural sector; 𝑙𝑛𝐺𝐷𝑃(. 

measures the level of agricultural development, proxied by the rural GDP per capita in rural 

areas (the rural GDP refers to the gross output value of farming, forestry, animal husbandry, 

and fishery by province); 𝐺𝐹(.		represents the development level of green finance; 𝑖			represents 

the different provinces and regions; 𝑡 represents the year; 𝛼( 	is the intercept term that does not 

change with time; and 𝑋(.  denotes a series of control variables including urbanization, 

agricultural mechanization level, agricultural industry structure, agricultural fiscal expense, 

agricultural education level and agricultural natural disasters.  

4.4.2 Heterogeneity Analysis  

To test hypothesis (2), group regressions for regional heterogeneity analysis are conducted by 

dividing the national sample into four subgroups based on geographical characteristics: the 

eastern, central, western and northeastern regions. To test hypothesis (3), quantile regression is 

used to ensure a robust result and to explore a more complex relationship by investigating the 

asymmetric effects of green finance across different quantiles of ACEs. There are distinct 

advantages in adopting quantile regression, since it can capture the variability and heterogeneity 

of green finance’s impacts on ACEs by not only considering the average value but also the data 

distribution. It also can overcome the problems of homoscedasticity, zero mean and normal 

distribution, providing more robust results (Zhang et al., 2022).  
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4.4.3 The Policy Effect Test  

In 2017, eight Green Finance Reform and Innovation Pilot Zones (GFRIPZ) in five provinces 

(Zhejiang, Jiangxi, Guangdong, Guizhou and Xinjiang) were established by the Chinese 

government to promote sustainable development (Hou et al., 2023; Zhang, 2023). To test 

hypothesis (4), I conduct a quasi-natural experiment using the DID model, following the studies 

by Irfan et al. (2022) and Liu and Wang (2023), to examine the policy effects of green finance 

on ACEs. The model is as follows:  

𝑙𝑛𝐴𝐶𝐸𝑇(.=𝛽L+𝛽3𝑇𝑟𝑒𝑎𝑡( ∗ 𝑃𝑜𝑠𝑡. + a3𝑙𝑛𝐺𝐷𝑃(. + 𝛼>𝑙𝑛𝐺𝐷𝑃(.> + 𝛼B𝑙𝑛𝐺𝐷𝑃(.B +

𝛼C𝐺𝐹(.+𝛼0𝑋(.+𝜇(. 
(4.2) 

where: 𝑇𝑟𝑒𝑎𝑡( 	indicates whether a GFRIPZ is built in area 𝑖  during the study period. If a 

GFRIPZ was built in area 𝑖, 𝑇𝑟𝑒𝑎𝑡( 	= 1; otherwise,  𝑇𝑟𝑒𝑎𝑡(= 0. 𝑃𝑜𝑠𝑡.	indicates the year before 

or after the year of establishing a GFRIPZ. 

4.4.4 Variables 

4.4.3.1 Explanatory Variable 
ACET is the explanatory variable. It measures the total ACEs in the agricultural sector. ACEs 

includes carbon dioxide emissions from agricultural land use, methane emissions from rice 

paddies and methane and nitrous oxide emissions from livestock. I measure the total amount of 

ACEs by following the strategies recommended by the IPCC (2019) and by referring to the 

Provincial Guidelines for GHG Inventories (Trial) of China (2023). The primary data for 

estimating ACEs were sourced from the China Statistical Yearbook to ensure a reliable, robust 

analysis. The ACET can be estimated by:  

𝐸J:KM =&𝐸(

0

3

		= & 𝑇(
0

3
𝛿( 

(4.3) 

where: 𝑖 is the type of carbon source; 𝑘 is the total number of carbon sources; 𝐸J:KM  is the 

overall carbon emissions; 𝐸( is the carbon emissions of each specific carbon source; 𝑇( is the 

quantity of each specific carbon source; and 𝛿( 	is the carbon emissions coefficient for each 

specific carbon source. Figure 4.1 shows the temporal trend in ACEs from 2007 to 2020 in each 

Chinese province. 
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4.4.3.2 Green Finance Index  
Following the studies by Lee and Lee (2022), Sun et al. (2023) and Zhang et al. (2022), the 

three main financial products: green credit, green investment and green insurance, and 

government support for green development proxied by fiscal environmental protection 

expenditure, are used as secondary indicators to the construct green finance index using the 

entropy method. Table 4.1 defines the four indicators in the green finance index.  

 

Table 4.1 shows that green credit is a negative indicator indicated by the proportion of interest 

expenditure in high-energy-consuming industries. The reason for choosing this as the proxy of 

green credit is that there are no national statistics for green credit balance from 2007 to 2020. 

Green investment is described as the proportion of investment in environmental pollution 

control of the GDP (Sun et al., 2023; Zhang et al., 2022). Green insurance includes ecological 

environmental liability insurance and agricultural insurance. Because of a late start, there is a 

lack of provincial data for ecological environmental liability insurance in China. I use 

agricultural insurance indicators to measure the development of green insurance. Government 

 
 
Figure 4.1 The total ACEs changing trend from 2007-2020 for each province. 
Source: Author’s calculations 
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support mainly refers to financial support for environmental protection, expressed as the 

proportion of fiscal environmental protection expenditure to the government's general budget 

expenditure. 

Table 4.1 Green Finance Index 

Primary index Secondary indicator Indicator description Indicator properties 

Green credit  

Proportion of interest 
expenditure of high 
energy-consuming 
industries  

Interest expense of six high 
energy consuming 
industries/Industrial interest 
expense 

negative 

Green 
investment 

Proportion of investment 
in environmental pollution 
control 

Investment in environmental 
pollution control/GDP 

positive 

Green 
insurance 

Depth of agricultural 
insurance  

Agricultural insurance 
income/Gross agricultural 
output value 

positive 

Green Support  

Proportion of fiscal 
environmental protection 
expenditure  

Fiscal environmental 
protection 
expenditure/General fiscal 
budget expenditure 

positive 

Source: Author’s calculations 

In constructing the green finance index, I need to determine the weights of the secondary 

indicators, which is a significant issue that can affect measurement accuracy. I adopt the entropy 

method to dertermine the weight since it does not require subjective weighting but deterrmines 

the weight based on the information provided by the observed value, providing more objective 

results. The specific calculation of the entropy process is as follows. 

First, I standardize the data of each indicator, i.e., for the given year t, the i province’s j 

indicator 𝑋N(?, assuming that the standardized value is 𝑍N(?, then equation (4.4) is given as: 

𝑍N(? =
𝑋N(?;𝑀𝑖𝑛𝑋N(?

𝑀𝑎𝑥𝑋N(? −𝑀𝑖𝑛𝑋N(?
 (4.4) 

where: i=1, 2 , 3,…,n, j =1, 2, 3,...,m, respectively, represent the total number of evaluation 

objectives, that is the province and indicators;	𝑋N(? is the value of indicator j for i province in 

year 𝜆; and 𝑀𝑎𝑥𝑋(? and 𝑀𝑖𝑛𝑋(? are the maximum and minimum values for different indicator 

j in all evaluation objects. 

Second, I normalize the indicators using equation (4.5): 

𝑃N(? =
𝑍N(?

∑ ∑ 𝑍N(?O
(23

.
N23

b  (4.5) 

Next, I calculate the information entropy of the j indicator using equation (4.6): 
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𝐸? = −𝑘& & 𝑃N(?		
O

(23

.

N23
ln 𝑃N(? (4.6) 

         

where:	𝜅 = 1
ln	( 𝑡 × 𝑚)g .  

Finally, I determine the weight of the j indicator. According to equation (4.7), the information 

entropy of j indicator is calculated, and the weight is: 

𝑊 =
1 − 𝐸?
𝑘 − ∑𝐸?

 (4.7) 

I then multiply the calculated weight by the score of each indicator to get the development level 

score of the green finance development level:  

𝐺𝐹N(			 = 𝑃N(? ×	𝑊? (4.8) 

4.4.3.3 Control Variables  

To ensure the accuracy of regression results, a set of variables that can influence provincial 

level ACEs are controlled in the model. The control variables are: urbanization (UR), 

agriculture mechanization level (AML), agricultural industry structure (AIS), agricultural fiscal 

expense (AFE), agricultural working force education level (EDU), and natural disaster (ND). 

UR refers to a process of the rural labour force shifting to urban areas and is indicated by the 

ratio of urban population to the total population as an indicator of urbanization level. AML 

indicates the machinery use that impacts and ACEs in the agricultural sector. It is proxied by 

the total power of the agricultural machinery in each province. AIS is the composition of the 

agricultural sector, expressed as the proportion of output value of farming industry and animal 

husbandry industry to the gross output value of farming, forestry, animal husbandry and 

fisheries. AFE refers to government spending for the agricultural sector. AHC is the education 

level of the rural population, indicated by the average years schooling of residents. ND 

measures natural impacts on the ACEs level. Table 4.2 presents the descriptive statistics of the 

study variables.  

4.4.4 Data 

I use a provincial-level dataset of 31 Chinese provinces from 2007 to 2020. The primary data 

are from the China Statistical Yearbook, China Financial Statistics Yearbook, China 

Environmental Statistics Yearbook and the China Rural Statistical Yearbook.  
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4.5 Results and Discussion 

4.5.1 Baseline Results 

Table 4.3, Columns (1) to (7), shows the regression results from adding control variables one 

at a time - an insignificant negative impact of green finance across all columns. This fails to 

confirm hypothesis (1) that green finance has a significant negative effect on ACEs, i.e., reduces 

carbon emissions in rural China. Specifically, without considering the control variables, a 1% 

increase in green finance decreases ACEs by 7.2% but insignificant. When considering AML, 

proxied by agriculture machinery, a 1% increase in green finance leads to a 7.6% decrease in 

ACEs. Even considering all control variables, the result is still insignificant. My findings 

contradict the study by Ren et al. (2020) who argue that green finance reduces carbon intensity 

and by Mo et al.(2023) who posit that developing green finance can significantly reduce China’s 

ACEs intensity. A possible reason for the inconsistency is that the indicators used are different, 

with total ACEs here and ACE intensity in their studies. The result also indicates that, though 

green finance has made great achievements in China, most are not directed at the agricultural 

Table 4.2 The Descriptive Statistics of the Study Variables  
Variables Definition N Mean Std. Dev Mini Max 
ACET Total ACE(10Ctonnes) 434 3137 1976 75.84 6994 
ACEI ACE intensity 434 2.955 3.479 0.445 24.88 
ACEP ACE per capita 434 1.932 1.329 0.278 7.507 
PGDP Rural GDP per capita 434 8372 4083 2053 24704 
GF Green finance index  434 0.306 0.155 0.0510 0.838 
GC Green credit 434 0.539 0.150 0.0280 0.906 
GI Green investment 434 0.0150 0.00800 0 0.0460 
GINSUR Green insurance 434 0.00500 0.00600 0 0.0380 

GFS 
Proportion of fiscal 
environmental protection 
expenditure 

434 0.0300 0.0110 0.00800 0.0680 

AML million kilowatts 434 3152 2865 93.97 13353 
AIS % of RGDP 434 0.664 0.139 0.355 0.971 

FAE Fiscal agriculture expense 
(¥ 10I Yuan) 

434 433.2 287.5 22.96 1339 

UR Urbanization rate 434 0.482 0.156 0.168 0.896 
EDU Average schooling years 

of residents 
434 7.484 0.948 3.549 10.75 

ND Damage area by disaster/ 
total planted area of crops 

434 0.186 0.144 0 0.696 

Note: Std = standard deviation 
Source: Author’s calculations 
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sector, so it has no impact on ACEs. Also, agricultural growth impacts ACEs. However, the 

relationship between agricultural growth and ACEs is an inverted “N” shape.  

The agricultural mechanization level contributes to the increase in ACEs, at a statistically 

significant 1% level across Table 4.3, Columns 2-7. The finding shows that, with an increase 

in the level of machinery, ACEs increase, since there is substantial consumption of fossil fuels, 

suggesting that the use of technologies in rural areas is not environmentally friendly or energy 

efficient. The findings also show that urbanization positively impacts ACEs, at the 1% 

significance level, which is consistent with previous studies (Ma et al., 2023; Su et al., 2023).  

 

Table 4.3 Stepwise Fixed-Effects Regressions on the Impact of Green Finance on Agiculturl Carbon 
Emissions 

Variables (1) (2) (3) (4) (5) (6) (7) 
lnACET lnACET lnACET lnACET lnACET lnACET lnACET 

lnPGDP -5.245*** -7.560*** -7.189*** -6.806*** -9.611*** -9.594*** -9.458*** 
 (1.39) (1.90) (2.00) (1.99) (2.36) (2.26) (2.41) 
lnPGDP2 0.645*** 0.912*** 0.874*** 0.825*** 1.142*** 1.143*** 1.128*** 
 (0.15) (0.21) (0.22) (0.22) (0.26) (0.25) (0.27) 
lnPGDP3 -0.024*** -0.035*** -0.033*** -0.031*** -0.043*** -0.043*** -0.043*** 
 (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) 
GF -0.072 -0.076 -0.072 -0.109 -0.140 -0.126 -0.127 
 (0.08) (0.09) (0.09) (0.11) (0.11) (0.13) (0.13) 
lnAML  0.134*** 0.137*** 0.130*** 0.125*** 0.128*** 0.128*** 
  (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) 
AIS   0.077 0.139** 0.117** 0.110** 0.117** 
   (0.05) (0.05) (0.04) (0.04) (0.05) 
lnFAE    0.073 0.072 0.071 0.072 
    (0.05) (0.05) (0.05) (0.05) 
UR     0.418* 0.408* 0.399* 
     (0.20) (0.20) (0.19) 
lnEDU      -0.071 -0.069 
      (0.12) (0.12) 
ND       -0.014 
       (0.04) 
_cons 20.294*** 26.169*** 24.918*** 23.658*** 31.638*** 31.629*** 31.242*** 
 (4.17) (5.81) (6.15) (6.10) (7.02) (6.70) (7.12) 
N 434 434 434 434 434 434 434 
year Yes Yes Yes Yes Yes Yes Yes 
F 1.4e+10 3.6e+09 5.5e+09 758.530 4296.832 5952.513 5685.977 
Notes: Driscoll-Kraay standard errors in parentheses. Considering the cross-section independence, 
self-correlation, and heteroscedasticity exist in the data, Driscoll-Kraay standard errors are used in 
the regression. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.   
Source: Author’s calculations 
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4.5.2 Heterogeneity  

Table 4.4 displays the varying impacts of green finance on total ACEs across different regions 

in China. The results confirm our Hypothesis (2), which posits that the impact of green finance 

on ACEs shows regional heterogeneity. A 1% increase in green finance is associated with a 

decrease of 12.7% in ACEs in the national sample, but this is insignificant. For the central and 

eastern regions, a 1% increase in green finance leads to a 43.9% and 116.5% decrease in ACEs, 

significant at 10% and 1%, respectively. In the western and northeastern regions, the impacts 

are positive but not significant. The western and northeastern regions show a positive 

relationship between green finance and ACEs, but again it is not statistically significant. The 

possible reason could be that green finance is mainly used in other sectors rather than the 

agricultural sector, leading to less support for agricultural green initiatives. 

Table 4.4 The Impact of Green Finance on the Total Agricultural Carbon Emissions in 
Different Regions of China 

Variables  (1) Whole 
country 

(2) Eastern 
region 

(3) Central 
region 

(4) Western 
region 

(5) Northeastern  
region 

 lnACET lnACET lnACET lnACET lnACET 
lnPGDP -9.458*** -69.061** -37.057** -1.815 -1.087 
 (2.41) (31.84) (13.10) (6.17) (3.11) 
lnPGDP2 1.128*** 7.503** 4.425** 0.147 0.406 
 (0.27) (3.37) (1.52) (0.70) (0.67) 
lnPGDP3 -0.043*** -0.271** -0.172** 0.001 -0.020 
 (0.01) (0.12) (0.06) (0.03) (0.03) 
GF -0.127 -0.439* -1.165*** 0.108 0.008 
 (0.13) (0.21) (0.34) (0.11) (0.15) 
lnAML 0.128*** 0.341*** 0.077** 0.006 -0.227*** 
 (0.03) (0.09) (0.03) (0.06) (0.06) 
AIS 0.117** 0.345 -0.238 -0.366 0.344 
 (0.05) (0.22) (0.46) (0.24) (1.27) 
lnFAE 0.072 0.011 0.018 -0.050* 0.040 
 (0.05) (0.06) (0.04) (0.02) (0.10) 
UR 0.399* 0.691* 0.380 1.591*** 2.287* 
 (0.19) (0.36) (0.35) (0.34) (1.23) 
lnEDU -0.069 -0.614** -0.299** 0.080 -0.693*** 
 (0.12) (0.24) (0.11) (0.07) (0.15) 
ND -0.014 0.040 -0.087* 0.034 0.008 
 (0.04) (0.04) (0.04) (0.05) (0.08) 
_cons 31.242*** 216.561** 109.026** 11.484 0.000 
 (7.12) (99.60) (37.32) (17.81) (.) 
N 434.000 140.000 84.000 168.000 42.000 
F 5685.977 626.237 89.826 870.110 375.943 
Notes: Driscoll-Kraay standard errors in parentheses. Considering cross-section 
independence, self-correlation and heteroscedasticity exist in data, Driscoll-Kraay standard 
errors are used in the regression. ***, **, and * indicate significance at the 1%, 5%, and 10% 
levels, respectively.  Source: Author’s calculations 
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At the national level, factors such as agricultural mechanization level, agricultural structure, 

and urbanization increase ACEs. It can be seen in the eastern region that urbanization and AML 

significantly contribute to increased ACEs. In the central region, the agricultural mechanization 

level contributes to the increase in ACEs with a significance level of 5%. The agricultural 

workforce education level, indicated by average schooling years, is related to a decrease in 

ACEs at the 5% significance level. In the western region, urbanization contributes to increased 

ACEs at the 1% significance level. In the northeastern region, agricultural mechanization and 

education levels are key factors in decreasing ACEs. These findings show that the impacts of 

green finance on ACEs vary across the different regions. 

 

Green finance significantly contributes to ACEs reduction in the central and eastern regions 

while showing no impact in the western and northeastern regions. There are several reasons for 

this phenomenon. First, the levels of economic and financial development in the eastern and 

central regions are higher than the other regions, which leads to a disparity in the levels of green 

finance development (Sun et al., 2023; Zhou et al.,2022). Second, compared to other regions, 

the eastern and central regions possess geographical advantages, resource endowments, and 

early start in economic development, which provide a greater base for green technology 

development. It is essential for mitigating carbon emissions (Zhang et al., 2023). 

4.5.3 The Quantile Regression Results  

Table 4.5 presents the results of the unconditional panel quantile regression analysis. The results 

show a negative impact of green finance on ACEs at the lower (10th-30th) and higher (80th-90th) 

quantiles. However, there is no statistical significance for higher quantiles. In contrast, 

significant positive impacts of green finance are observed at the middle quantiles (40th-60th) at 

the 5%, 1%, and 1% levels, respectively. This confirms hypothesis (3) that the impacts of green 

finance on different levels of ACEs vary. This study’s finding is consistent with the results of 

Zhang et al. (2022) on the impact of green finance on carbon emissions in G-20 economies. 

They reveal that the impact of green finance is negative at lower (10th-25th) and higher quantiles 

(60th-90th), like in this study, though the quantiles are different. In the middle quantiles (30th-

50th), their results show a significant positive impact, which is similar to this study. It is worth 

noting that the quantile regression for the agricultural mechanization level shows a significant 

positive impact across all quantiles, implying that the increased use of agricultural 

mechanization is an important driver for increased ACEs. Though education level is an 

important factor that can help to reduce ACEs, the effects are prominent only in low quantiles. 
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Despite the rapid development of green finance, the application and distribution of green 

finance in different regions may have to have different focuses. The Green Finance Reform and 

Innovation Pilot Zones in China have different focuses. Some regions tend to provide green 

finance resources to favor the green transformation of the industry or energy sector, neglecting 

the green demands of the rural green industry. This could be the reason that the impact of green 

finance is different across quantiles and factors influencing ACEs show different effects on 

ACEs. 
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Table 4.5 Unconditional Panel Quantile Regression: The Asymmetrical Impact of Green Funds on Agricultural Carbon Emissions 

Factor Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90 
lnACET lnACET lnACET lnACET lnACET lnACET lnACET lnACET lnACET 

lnPGDP 179.864 92.384 -40.379 40.893 -39.481 31.642 2.957 -81.117* 28.329 
 (135.46) (61.87) (44.78) (47.46) (51.12) (43.71) (43.69) (41.86) (37.94) 
lnPGDP2 -20.562 -9.540 4.800 -3.939 4.926 -3.227 0.046 9.331** -2.886 
 (14.88) (6.80) (4.92) (5.21) (5.62) (4.80) (4.80) (4.60) (4.17) 
lnPGDP3 0.784 0.327 -0.187 0.125 -0.200 0.109 -0.015 -0.356** 0.097 
 (0.54) (0.25) (0.18) (0.19) (0.21) (0.18) (0.18) (0.17) (0.15) 
GF -2.609** -0.669 -1.327*** 0.991** 2.364*** 1.502*** 0.170 -0.215 -0.329 
 (1.27) (0.58) (0.42) (0.44) (0.48) (0.41) (0.41) (0.39) (0.35) 
lnAML 1.642*** 0.832*** 0.822*** 0.930*** 1.064*** 0.809*** 0.540*** 0.351*** 0.206*** 
 (0.17) (0.08) (0.06) (0.06) (0.06) (0.05) (0.05) (0.05) (0.05) 
AIS -3.871*** -1.619*** -1.621*** -1.118*** -2.172*** -1.572*** -0.584** -0.393 -0.492** 
 (0.89) (0.41) (0.30) (0.31) (0.34) (0.29) (0.29) (0.28) (0.25) 
lnFAE -0.379* 0.411*** 0.467*** 0.211*** 0.020 -0.039 -0.033 0.069 -0.036 
 (0.22) (0.10) (0.07) (0.08) (0.08) (0.07) (0.07) (0.07) (0.06) 
UR -11.260*** 2.899*** 3.130*** 3.106*** 2.888*** 1.740*** 0.614 0.551 -0.415 
 (1.30) (0.59) (0.43) (0.45) (0.49) (0.42) (0.42) (0.40) (0.36) 
lnEDU -5.226*** -7.249*** -3.442*** -3.007*** -2.631*** -1.073** -0.286 -0.330 0.605 
 (1.42) (0.65) (0.47) (0.50) (0.53) (0.46) (0.46) (0.44) (0.40) 
ND 5.679*** 0.537 1.113*** 1.098*** 0.158 -0.697*** -0.734*** -0.639** -0.273 
 (0.83) (0.38) (0.28) (0.29) (0.31) (0.27) (0.27) (0.26) (0.23) 
Constant -511.318 -284.128 116.143 -135.976 106.659 -98.383 -13.834 240.478* -84.877 
 (410.36) (187.43) (135.67) (143.77) (154.85) (132.40) (132.36) (126.81) (114.94) 
N 434.000 434.000 434.000 434.000 434.000 434.000 434.000 434.000 434.000 
𝑅> 0.742 0.619 0.702 0.639 0.598 0.516 0.379 0.291 0.135 
F 125.795 71.458 102.804 77.710 65.401 47.126 27.381 18.777 7.784 
Notes: Standard errors in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively 
Source: Author’s calculations.   
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4.5.4 The Policy Effects Results 

The "parallel trend test" is a method to evaluate the effectiveness of the DID model in 

determining the consistency of trends before and after the implementation of GFRIPZ in the 

experimental area where GFRIPZ is constructed and the control group is where GFRIPZ is not 

constructed. The trend is different following the establishment of the GFRIPZ based on the 

parallel hypothesis. I conduct a parallel trend test and comparatively analyse the trends in both 

groups before and after the establishment of GFRIPZ. The results can be inferred from the 

parallel trend plot in Figure 4.5. Before 2017, when the GFRIPZ was implemented, both groups 

had a consistent, parallel trend in ACEs. However, it is interesting to find that, after 2017, the 

trends do not show a divergence, which is inconsistent with the parallel trend hypothesis. This 

suggests that there is no policy effect on the reduction of ACEs, which is also demonstrated by 

the results of DID regression analysis (see Table 4.6). 

 
Figure 4.2 Parallel trend test  
Source: Author’s calculations 

 
Table 4.6 presents the results of the DID regression analysis with model (1) not considering 

regional effects and time effects, model (2) controlling the regional effects but not the time 

effects, and model (3) controlling both regional and time effects to evaluate the impact of 

GFRIPZ on the ACEs level. The results in Table 4.6 show no significance with the coefficients 

of DID across three models, suggesting that the implementation of GFRIPZ does not affect the 

ACEs. This contradicts expectations and indicates that the green finance policy does not show 

a policy effect in rural areas, which rejects our hypothesis (4).  

-.1
-.0

5
0

.0
5

.1
po

lic
y e

ffe
ct

pre_2 pre_1 current post_1 post_2



 68 

The reason there is no policy effect on ACEs could be that most green finance policies focus 

on the green transformation of the industrial and energy sectors rather than the agricultural 

sector. For instance, Liu and Wang (2023) employ DID method to examine the effects of 

establishing PZGFRI on the development of green patent applications. The authors’ results 

show that establishing PZGFRI significantly increases the number of green patent applications, 

mostly due to higher research and development input. Furthermore, previous research has 

demonstrated that the establishment of these experimental areas has a beneficial impact on the 

decrease of regional pollution emissions  (Huang and Zhang, 2021) and improves the overall 

productivity of urban green ecosystem by promoting green innovation and decreasing energy 

consumption in cities (Zhang et al., 2023).  

It can also be inferred from the specific measures of building PZGFRI, which include 

supporting the aggregation of talents, funds, and technology for green industries, promoting the 

establishment of green financial institutions, developing green credit and financing systems, 

initiating pilot markets for trading pollution, water, and energy rights, offering policy support, 

and establishing a risk prevention mechanism for green finance (Liu and Wang,2023). This 

suggests that there are deficiencies in the impact of PZGFRI on rural green financial 

development. It emphasizes the need for the promotion of green technology, green financial 

products, and green knowledge in rural areas to meet the requirement of green industry in rural 

areas to support rural revitalization.  

Table 4.6 Policy Effects of Green Finance Regressions 

Variables (1) (2) (3) 
lnACET lnACET lnACET 

did -0.072 (0.11) 0.003 (0.06) 0.049 (0.05) 
lnPGDP 7.218 (17.50) -16.362 (13.23) -8.151 (12.76) 
lnPGDP2 -0.563 (1.93) 1.946 (1.45) 0.977 (1.39) 
lnPGDP3 0.013 (0.07) -0.075 (0.05) -0.037 (0.05) 
GF -0.427* (0.22) -0.480*** (0.15) -0.114 (0.13) 
lnAML 0.722*** (0.03) 0.203** (0.07) 0.126* (0.07) 
AIS -1.231*** (0.16) 0.362 (0.31) 0.167 (0.34) 
lnFAE 0.115*** (0.04) -0.009 (0.02) 0.075 (0.05) 
UR 0.589** (0.28) 1.250** (0.51) 0.362 (0.48) 
lnEDU -2.460*** (0.26) 0.069 (0.09) -0.055 (0.11) 
ND 0.553*** (0.15) 0.010 (0.03) -0.013 (0.03) 
_cons -21.555 (52.84) 49.891 (39.99) 27.194 (38.74) 
N 434 434 434 
R2 0.863 0.520 0.996 
Province FE No Yes Yes 
Year FE No No Yes 
F . 7.535 8.513 
Notes: Standard errors in parentheses. ***, **, and * indicate significance at the 1%, 5%, 
and 10% levels, respectively. Model (1) does not control regional effects and time effects, 
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model (2) controls regional effects but not  time effects, and model (3) controls both 
regional effects and time effects.  
Source: Author’s calculations 

4.5.5 Robustness Check  

To ensure the robustness and validity of the results, the ACEs intensity and ACEs per capita 

(ACEP) used to measure ACEs are used to proxy ACEs as the dependent variable in the 

robustness check. Table 4.7 shows the results of three regression models, revealing that green 

finance has insignificant negative impacts across the three models. These findings confirm the 

consistent, insignificant impact of green finance on reducing carbon emissions across different 

model specifications, providing robustness and validity.The secondary indicators of the green 

finance index are also used to conduct robustness checks. The results in Table 4.8 show that 

green investment and government financial support on environmental protection negatively 

correlate with ACEs whereas green credit and green insurance positively correlate with ACEs 

levels. It is notable that green credit increases ACEs at the 1% significance level. Government 

finance support reduces ACEs at the 1% significance level.  

Table 4.7 Fixed Effects Regression by ACET, ACEI and ACEP Respectively 
 (1) (2) (3) 
 lnACET lnACEI lnACEP 
lnPGDP -9.458*** (2.41) -1.198 (2.85) -0.198 (2.85) 
lnPGDP2 1.128*** (0.27) 0.111 (0.31) 0.111 (0.31) 
lnPGDP3 -0.043*** (0.01) -0.005 (0.01) -0.005 (0.01) 
GF -0.127 (0.13) -0.249 (0.15) -0.249 (0.15) 
lnAML 0.128*** (0.03) 0.083** (0.03) 0.083** (0.03) 
AIS 0.117** (0.05) 0.401*** (0.06) 0.401*** (0.06) 
lnFAE 0.072 (0.05) 0.058 (0.04) 0.058 (0.04) 
UR 0.399* (0.19) -0.247 (0.20) -0.247 (0.20) 
lnEDU -0.069 (0.12) -0.073 (0.15) -0.073 (0.15) 
ND -0.014 (0.04) -0.005 (0.04) -0.005 (0.04) 
Constant 31.242*** (7.12) 4.952 (8.61) -4.259 (8.61) 
N 434.000 434.000 434.000 
year Yes Yes Yes 
F 5685.977 2069.734 2809.769 
Note: Driscoll-Kraay standard errors in parentheses. Considering the cross-section 
independence, self-correlation, and heteroscedasticity exist in data, Driscoll-Kraay 
standard errors are used in the regression.  ***, **, and * indicate significance at the 1%, 
5%, and 10% levels, respectively.   
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Table 4.8 Impact of Green Finance Secondary Indicators on Argricultural Carbon Emission 
Variables  (1) lnACET (2) lnACET (3) lnACET (4) lnACET 

lnPGDP -9.466*** (2.25) -9.212*** (2.64) -9.393*** (2.32) -10.723*** (2.36) 
lnPGDP2 1.128*** (0.25) 1.100*** (0.29) 1.119*** (0.26) 1.257*** (0.26) 
lnPGDP3 -0.042*** (0.01) -0.042*** (0.01) -0.042*** (0.01) -0.047*** (0.01) 
GC 0.490*** (0.14)       
GI   -0.336 (0.37)     
GINSUR     0.007 (0.11)   
GFS       -0.621*** (0.12) 
lnAML 0.137*** (0.03) 0.136*** (0.04) 0.132*** (0.03) 0.116*** (0.03) 
AIS 0.122* (0.06) 0.118** (0.05) 0.125** (0.05) 0.146* (0.08) 
lnFAE 0.059* (0.03) 0.069 (0.04) 0.059 (0.04) 0.059 (0.04) 
UR 0.326 (0.21) 0.275 (0.24) 0.296 (0.19) 0.360 (0.25) 
lnEDU -0.091 (0.10) -0.060 (0.13) -0.103 (0.12) -0.115 (0.11) 
ND -0.014 (0.04) -0.018 (0.03) -0.014 (0.04) -0.010 (0.03) 
Constant 31.240*** (6.66) 30.465*** (7.88) 31.166*** (6.84) 35.585*** (7.02) 
N 434  434  434  434  
year Yes  Yes  Yes  Yes  
F 2059.706  2316.675  3678.502  4022.371  
Note: Driscoll-Kraay standard errors are in parentheses. Considering cross-section 
independence, self-correlation, and heteroscedasticity exist in the data, Driscoll-Kraay standard 
errors are used in the regression.  ***, **, and * indicate significance at the 1%, 5%, and 10% 
levels, respectively.  
Source: Author’s calculations 

 

4.6 Conclusion and Policy Recommendations  

To investigate the impact of green finance on ACEs in rural China, this study constructs a panel 

dataset of China’s 31 provinces from 2007 to 2020 using a fixed effects method, a quantile 

regression method, and a DID method. Robustness checks are conducted to confirm the validity 

of the results.  

The main findings of the study are as follows. First, green finance does not play a significant 

role in reducing ACEs in the whole of China, but it significantly decreases the ACEs in China’s 

eastern and central regions. As one dimension of green finance development, government 

financial support significantly reduces ACEs, but green credit significantly increases ACEs. 

Using agricultural machinery contributes to increased ACEs. Second, the impact of green 

finance on ACEs has a regional heterogeneity in China. Different focuses and initiatives of 

green finance in different regions lead to different impacts of green finance on ACEs across 

different quantiles of green finance. Third, the Green Finance Reform and Innovation Pilot 

Zones do not show a direct policy effect on ACEs.  

Based on the study’s findings of this study, several policy implications can be drawn to enhance 

the effectiveness of green finance in reducing ACEs in China. First, since the role of green 
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finance in reducing ACEs has not been fully adopted in rural China, it is important to promote 

rural green finance development by providing more green financial products tailored to rural 

areas and directing capital towards green agricultural programs and practices. Second, it is 

essential to consider regional heterogeneity in developing policies to reduce ACEs across 

various regions. Strategies must be tailored to each region, considering their distinct economic, 

geographic, and environmental contexts. For instance, the eastern and central regions, 

characterized by advanced green finance and technological innovation, should enhance their 

green finance initiatives. Conversely, the western and northeastern regions necessitate 

foundational support in green finance infrastructure and capacity-building efforts. Third, 

promoting green agricultural technologies is essential for enhancing the energy efficiency of 

agricultural machinery, which is crucial in agricultural and environmental contexts. This 

involves investing in cleaner, renewable energy sources for agricultural production and offering 

subsidies or incentives for farmers to adopt these technologies, especially in areas with higher 

ACEs. Finally, policies to enhance rural green finance development should be broadened to 

support sustainable agricultural practices and promote green development in rural regions. 

Potential measures may include financial incentives, low-interest green loans, and the creation 

of rural green finance service platforms. Integrating digital financial inclusion with green 

finance initiatives can enhance access to financial resources for smallholder farmers, facilitating 

more significant participation in green projects and supporting a more sustainable rural 

economy. 

4.7 Limitations and Future Research  

This study has several limitations. First, because of data availability, the lack of data on rural 

green finance makes it impossible to understand the development of rural green finance and its 

impact on ACEs. Second, the study lacks a mechanism analysis of how green finance impacts 

ACEs. Finally, the study focuses only on the agricultural sector in China in investigating the 

impact of green finance on carbon emissions, which may differ from developed countries or 

other developing countries. Further research could focus on mechanism analysis to investigate 

how green finance impacts ACEs. Transnational research can be conducted by adding samples 

from other countries, which can help achieve carbon neutrality and sustainable agricultural 

development worldwide.  
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Essay Three 

The Nexus of Digital Finance, Green Finance and Agricultural Carbon 

Emissions  

5.1 Introduction  

Global warming, mainly caused by carbon emissions, has been recognized as a significant threat 

to human survival since the Industrial Revolution, giving way to green and sustainable 

development as the global consensus (Wang et al., 2022; Wei et al., 2019). The industrial and 

energy sectors are identified as the primary contributors to carbon emissions. However,  carbon 

emissions from the agricultural sector cannot be neglected since they also are significant 

contributors to global warming, the second largest source accounting for about 30% of the 

world’s total carbon emissions (Ma et al., 2022; Xu et al., 2022). Therefore, it is a global issue, 

and there is a concern to reduce carbon emissions from the agricultural sector to address the 

challenges of global warming (Zhao et al., 2023). 

As the largest emitter in the world, China faces great pressure to reduce carbon emissions and 

achieve carbon neutrality by 2060. To achieve carbon peak and carbon neutrality, the Chinese 

government has implemented many policies and has proposed a green development strategy. 

Agriculture, an important part of the Chinese economy and a significant carbon source plays a 

substantial role in achieving green development and reducing carbon emissions that account for 

17% of China's total carbon emissions (Yu et al., 2023). Thus, the Chinese government 

proposed green development goals for the agricultural sector in China’s Central Document No.1 

in 2021. The following year’s Central Document No. 1 again highlighted "green" as a crucial 

focus and emphasized how to use financial instruments to promote green development in the 

agricultural sector. Against this background, the role of green finance has drawn great attention 

in reducing ACEs and achieving green development in rural China because of the link between 

economic growth and environmental protection.  

Conversely, because of the rapid development of digital technologies, digitalization has become 

a trend in society and a new growth engine of economic development. The financial sector has 

also been transformed by digital technologies such as big data, blockchain, and artificial 

intelligence. Against this background, digital financial inclusion (DFI) has gained remarkable 

development because of its advantages, such as convenience, cost-effectiveness, and no 

geographical restrictions (Liu & Ren, 2023; Mukalayi & Inglesi-Lotz, 2023; Wang et al., 2023). 
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Its role in carbon emissions reduction has also gained attention (Khan et al., 2023; Wang, et al., 

2022).  

Many studies have explored the relationship between all kinds of finance and carbon emissions, 

including the impact of green finance on carbon emissions (Ahmad et al., 2022; Dogan & Seker, 

2016; Hussain et al., 2023; Ofori et al., 2023; Saeed Meo & Karim, 2022). Tamazian et al. 

(2009) investigated the effects of FD on carbon emissions in BRIC economies. Following that, 

many studies were conducted, but the impact of FD on carbon emissions remains controversial. 

Some research posits that FD significantly enhances environmental sustainability by reducing 

carbon emissions, (Adams & Klobodu, 2018; Dar & Asif, 2018; Khan et al., 2021) whereas 

others argue that FD contributes to carbon emissions (Javid & Sharif, 2016; Shahbaz et al., 

2016). Studies on green finance and carbon emissions are limited, but some significant studies 

provide a platform for further studies. Saeed Meo and Karim (2022) used a quantile regression 

model to investigate the relationship between green finance and carbon emissions in 10 

countries. Sharif et al. (2022) examined the impact of green finance on carbon emissions in G7 

countries from 1995 to 2019 and showed that green finance decreases carbon emissions. 

However, the study of the relationship between green finance and ACEs is under-explored. 

Many studies have explored the impacts of DFI on carbon emissions (Khan et al., 2023; 

Mukalayi & Inglesi-Lotz, 2023;Wang et al., 2023). For instance, Khan et al. (2023) used GMM 

estimation to investigate the effect of digital financial inclusion on carbon emissions in 

emerging and developing economies and revealed a significantly positive relationship. Wang 

et al. (2023) used an IPAT model to investigate the spatial spillover impacts of DFI on carbon 

emissions in 284 cities in China from 2011 to 2016. The results indicate that carbon emissions 

exert substantial spatial spillover impacts, and DFI decreases carbon emissions in Chinese cities. 

There is a lack of investigations of DFI’s effect on carbon emissions in the agricultural sector. 

The literature shows both green finance and DFI significantly impact ACEs. However, most 

studies have investigated the relationship between ACEs and green finance and ACEs and DFI 

separately (Pan, 2022). No study has thoroughly examined the relationships between green 

finance, DFI, and ACEs. This study addresses this gap by investigating the relationships and 

provides more valuable insights and new perspectives for further research.  

This study makes several contributions. First, it is the first to investigate the combined effects 

of green finance and DFI on ACEs, providing a more comprehensive understanding of the 

relationship and analyzing the underlying mechanisms. Secondly, this study uses moderation 

mechanism analysis to reveal that DFI restrains the effects of green finance and that a crowding 
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out effect of DFI on green finance in rural areas during the study period. Finally, this study not 

only provides new perspectives and frameworks for theoretical study but also offers practical 

guidance for policymakers to effectively address climate change and achieve green 

development by effectively using financial tools.  

This essay is structured as follows. Section 2 reviews the literature. Section 3 provides the 

theoretical background and develops the hypothesis. Section 4 details the methodology and data. 

Section 5 presents the empirical results and discussion, and Section 6 concludes the study with 

policy implications.  

5.2 Literature Review  

5.2.1 Research on the Relationship Between Green Finance and Agricultural 

Carbon Emissions 

Green finance emerged from growing concerns about environmental protection and the 

intensified recognition of using finance tools to mitigate climate change and achieve green 

development (Irfan et al., 2022). The idea was first proposed by Salazar (1998) and, after that, 

green finance gained worldwide attention. Green finance has been extensively discussed from 

different perspectives, such as the significant role of green finance in promoting green growth 

(Desalegn & Tangl, 2022; Sadiq et al., 2022; Taghizadeh-Hesary, et al., 2022), the relationship 

between green finance and green innovation (Fang & Shao, 2022; Irfan et al., 2022; Wang, 

2022; Yu et al., 2021), green finance and renewable energy (Li & Umair, 2023; Mngumi et al., 

2022; Zhang et al., 2022) , and green finance and carbon emissions (Ren et al., 2020; Sharif et 

al., 2022; Zhang et al., 2022). However, these studies did not extend to the relationships among 

green finance, agricultural growth, and ACEs. Only limited research has paid attention to this 

area. For instance, Mo et al. (2023) used a panel dataset of 30 Chinese provinces to investigate 

the impact of green finance on ACEs from 2011 to 2020 and revealed that green finance 

significantly decreases ACEs’ intensity. Further mediation analysis indicates that green finance 

reduces ACEs by optimizing agricultural industry structure and promoting green technology. 

Guo et al. (2022) investigated the long-term equilibrium relationship between green finance 

and ACEs to draw the same conclusion that green finance reduces ACEs. 
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5.2.2 Research on the Relationship Between Digital Financial Inclusion and 

Agricultural Carbon Emissions 

DFI has gained much attention because of its advantages, such as convenience, cost-

effectiveness, and without geographical restrictions, compared with traditional finance in 

promoting economic development (Liu & Ren, 2023; Mukalayi & Inglesi-Lotz, 2023; Wang et 

al., 2023). Many studies have examined the role of DFI either from the perspective of promoting 

agricultural green total factor productivity (Gao et al., 2022; Hong et al., 2022; Shen et al., 2023; 

Xiao et al., 2023) or the relationship between green finance and carbon emissions (Khan et al., 

2021; Mukalayi & Inglesi-Lotz, 2023; Wang et al., 2023; Zheng & Li, 2022). However, the 

findings from these studies are mixed. Some assert that DFI has a negative correlation with 

carbon emissions, highlighting the role of DFI in reducing carbon emissions. For instance, Khan 

et al. (2023) investigated the impact of DFI on carbon emissions in emerging and developing 

economies and revealed that DFI can reduce carbon emissions. Zheng and Li (2022) 

investigated the impact of DFI in 30 Chinese provinces from 2013 to 2020 and found that DFI 

reduced ACEs in use depth and digitization level. Others posit that DFI increases carbon 

emissions. For instance, Ozturk and Ullah (2022) examined the impacts of DFI both on 

economic growth and carbon emissions in 42 countries from 2007 to 2019 and found that DFI 

promoted economic growth but increased carbon emissions. 

With the intensified challenge of climate change and food security issues faced by the 

agricultural sector, more and more studies have paid attention to the relationship between DFI 

and ACEs. Liu and Zhou (2023) used a dataset of 31 Chinese provinces from 2011 to 2020 to 

investigate the relationship between digital finance and ACEs. They indicate that digital finance 

can reduce ACEs by facilitating agricultural green innovation. Liu et al. (2022) used a fixed 

effects model to investigate the significant role of DFI on ACEs in 30 Chinese provinces from 

2011 to 2019. The results show that DFI can effectively decrease ACEs levels. However, Chang 

(2022) posited a non-linear relationship, indicating an inverted "U" shape curve relationship 

between digital finance and ACEs. This study uses a dataset of 31 Chinese provinces from 2011 

to 2020 to investigate the impact of digital finance and explores the mechanisms using fixed 

effects, threshold effects, mediating effects, and moderating effects models. 

5.3 The Theoretical Framework and Research Hypothesis  

Many researchers have demonstrated that finance can have a significant impact on carbon 

emissions because of its contribution to economic expansion, which makes it an intermediate 
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factor under the EKC framework (Ofori et al., 2023). However, the effects of FD on carbon 

emissions remain controversial, whether it brings a positive or negative impact on carbon 

emissions reduction has not achieved a consensus. The effect depends on where the financial 

resources go. If the financial resources are invested in the green industry, they could yield a 

positive impact, but if the financial resources are invested into so-called “dirty industries”, such 

as high-emissions, high-energy consuming, high-pollution industries, they could lead to 

increased carbon emissions. As an institutional arrangement (Zhang, 2023), green finance could 

guide capital to green industries, providing more financial resources for green projects at lower 

financing costs (Jalil & Feridun, 2011). This acts as a link between economic growth and the 

environment designed to address climate change and achieve green development. 

There are several channels through which green finance impacts ACEs. First, it can directly 

provide financial support and capital for the development of rural green industries. By providing 

capital to rural green projects, such as renewable energy firms, sustainable agricultural practices, 

and carbon sequestration programmes at a lower cost, it can help reduce ACEs (Mo et al., 2023). 

Secondly, green finance can help alleviate the financial constraints on technology innovation 

and promote agricultural green production efficiency, thereby reducing ACEs. Thirdly, the 

popularization of knowledge related to green finance when promoting green finance and 

implementing green finance policies can help improve farmers’ environmental awareness, 

encouraging them to adopt more sustainable agricultural practices. Drawing from these insights, 

I hypothesize the following relationship: 

Hypothesis 1: Green finance development negatively impacts the level of ACEs. 

Financial inclusion originated from the link of financial exclusion and poverty proposed by 

some scholars (Chibba, 2009; Fareed et al., 2022; Khan et al., 2023). It enables individuals and 

business to achieve their financial goals by providing a wide range of financial products and 

services including transactions, payments, savings, credit, and insurance (Fareed et al., 2022; 

Khan et al., 2023; Said & Acheampong, 2024). With the booming of digital technology and 

widely use of big data platforms, DFI has more advantages in promoting information sharing 

and decreasing transaction cost by reducing geographic constraints compared to financial 

inclusion (Lee et al., 2022; Wang et al., 2023). Many studies have investigated DFI focusing 

on economic growth (Ahmad et al., 2021; Liu et al., 2021), sustainable development (Ozturk & 

Ullah, 2022; Tay et al., 2022), consumption transformation (Lai et al., 2020), carbon emissions 

reduction (Mukalayi & Inglesi-Lotz, 2023; Wang et al., 2023; Zhang et al., 2023). However, 

few studies have focussed on DFI and ACEs and no study pays attention to the relationship 

between green finance development and DFI in rural China.  
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DFI can provide easily accessible loans and financial products for farmers to adopt low-

emissions agricultural technologies and practices, thereby reducing ACEs. This benefits 

farmers in remote areas by providing wide access to financial products at low cost through 

mobile payments and internet banking. DFI can also help mitigate the risks associated with 

technology innovation through information-sharing technology and cloud computing 

technology, thereby promoting green technology innovation and achieving a reduction in ACEs 

(Sun et al., 2022). Conversely, since there are financial constraints and limited environmental 

protection awareness in rural areas, the availability of access to more funds provided by DFI 

may possibly be used to expand production, leading to increased ACEs. DFI also provides easy 

access for households to purchase energy-intensive products that can increase carbon emissions 

(Khan et al., 2023). 

Since there are financial constraints in rural areas, it remains to be seen if the role of green 

finance and DFI can reduce ACEs in rural areas. Can DFI help expand the reach of green 

financial resources in rural areas, thereby enhancing the environmental impact of green finance? 

Or does it cause crowding-out effects to green finance, leading to a deterioration of the 

environment and an increase in ACEs? These questions are critical for green development in 

rural areas and they are associated with the realization of carbon peak and carbon neutrality. To 

explore the combined impacts of green finance and DFI on ACEs, I propose the following 

hypothesis: 

Hypothesis 2: DFI moderates the impact of green finance on ACEs level. 

China is a vast country with great geographical diversity; each region has its own characteristics 

regarding natural endowments, agricultural structure, production mode, economic development, 

and technology development (Cui et al., 2022), which leads to great regional heterogeneity in 

green finance development. Different levels in green finance development reflect the 

determinations and ability of local governments to control environmental pollution, since green 

finance is an institutional arrangement (Zhang, 2023). A high level of green finance 

development indicates more remarkable ability to allocate green financial resources. Regions 

with high developed green finance implies more green financial resources can be allocated to 

green industries, contributing to ACEs’ reduction. In contrast, regions with less developed 

green finance may not have enough funds to channel towards projects that effectively reduce 

ACEs. Therefore, different levels of green finance development may cause different impacts 

on ACEs. Therefore, I hypothesize the following relationship:  

H3.  The impacts of green finance and DFI vary with the development level of green finance.  
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5.4 Methodology and Data  

5.4.1 Empirical Model 

5.4.1.1 Baseline model 

I use the fixed effects regression model to investigate the impact of green finance and DFI on 

the ACEI of 31 Chinese provinces from 2011 to 2020 to test hypothesis (1). The basic 

regression model is given  equation (5.1): 

𝑙𝑛𝐴𝐶𝐸𝐼(.=𝛼(+𝛼3𝐺𝐹(.+𝛼>𝐷𝐹𝐼(. + 𝛼0𝑋(.+𝜇(. (5.1) 

  

where: 𝑙𝑛𝐴𝐶𝐸𝐼(. represents ACEs’ intensity (ACEs divided by rural GDP); 𝐺𝐹(.		represents the 

green finance index, the level of green finance development; 𝑖		 represents the different 

provinces and regions; 𝑡 is the year; 𝛼( 	is the intercept term representing the individual effect; 

and 𝑋(.  is a series of control variables such as GDP, urbanization (UR), agriculture 

mechanization development level (AML), agricultural industry structure (AIS), agricultural 

fiscal expense (AFE), agricultural education level (EDU), and agricultural natural disasters.  

5.4.1.2 Moderation model 
To further explore the impact of DFI on ACEs and investigate the moderating effects of DFI 

on the relationship between green finance and ACEs (which helps determine whether there is 

complementary or substitution effects between green finance and DFI in rural China), I include 

an interaction term, GF*DFI, in the model (equation (5.2)): 

𝑙𝑛𝐴𝐶𝐸𝐼(.=𝛼(+𝛼3𝐺𝐹(.+𝛼>𝐷𝐹𝐼(. + 𝛼B(𝐺𝐹(. ∗ 𝐷𝐹𝐼(.) + 𝛼0𝑋(.+𝜇(.     (5.2) 

 

where: GF*DFI is the interaction term between green finance and DFI. When the coefficient of 

GF is positive and the coefficient of interaction term is negative, DFI helps alleviate the adverse 

effects of GF. When the coefficient of GF is negative and the coefficient of interaction term is 

positive, it suggests that DFI inhibits the positive effects of green finance on ACEs. Hence, 𝛼𝟏 

and 𝛼𝟑 are the core coefficients to be estimated by the model. The other variables are consistent 

with equation (5.1).  

5.4.1.3 Group regression model 

Different levels of green finance development are determined by many factors including 

government policy, determinants and the financial resource allocation ability to control 

environmental pollution, which also impact ACEs’ levels. To explore the heterogeneity of the 

impact of different levels of green finance development on ACEs, I use the median value to 
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divide the whole sample into two groups: high level of green finance development and low 

level of green finance development. 

𝑙𝑛𝐴𝐶𝐸𝐼(.=𝛼(+𝛼3𝐺𝐹(.+𝛼>𝐷𝐼𝐹(. + 𝛼B(𝐺𝐹(. ∗ 𝐷𝐹𝐼(.) + 𝛼0𝑋(.+𝜇(.   (GF<0.264) (5.3) 

𝑙𝑛𝐴𝐶𝐸𝐼(.=𝛼(+𝛼3𝐺𝐹(.+𝛼>𝐷𝐼𝐹(. + 𝛼B(𝐺𝐹(. ∗ 𝐷𝐹𝐼(.) + 𝛼0𝑋(.+𝜇(.  (GF>0.264) (5.4) 

The variables are consistent with equation (5.2) and 0.264 is the median of GF that divides the 

sample into two groups. 

5.4.2 Variables 

5.4.2.1 Explained variable 

ACEI is the explained variable. Three indicators can be used to measure the ACEs level. One 

is the total amount of carbon emissions (ACET), another is agricultural carbon emissions 

intensity (ACEI) (calculated as total carbon emissions divided by GDP) and a third is ACEP 

(calculated as total carbon emissions divided by population) (Cui et al., 2022; Wen et al., 2022). 

I choose ACEI as the explained variable to measure the ACEs’ level since it represents the 

carbon missions caused by the growth of each unit of agricultural output, which offers an 

additional viewpoint by considering emissions in relation to productivity compared to the first 

two essays. It facilitates an in-depth understanding of the relationship between financial 

mechanisms and ACEs, especially in regions where emissions intensity may provide greater 

insight into environmental efficiency than total emissions alone. To obtain ACEI, the total 

ACEs should first be estimated. The total ACEs include the carbon dioxide emissions from 

agricultural land use, methane emissions from rice paddies, and methane and nitrous oxide 

emissions from livestock. Following the IPCC (2019) approach, the total ACEs can be 

estimated as follows:  

𝐸J:KM =&𝐸(

0

3

		= & 𝑇(
0

3
𝛿( (5.5) 

where: 𝑖 represents the type of carbon source; 𝑘 represents the total number of carbon sources; 

𝐸J:KM represents the total carbon emissions; 𝐸( represents the carbon emissions of each specific 

carbon source; 𝑇( represents the quantity of each specific carbon source; and 𝛿( 	is the carbon 

emissions coefficient for each specific carbon source. After calculating total ACEs, ACEI can 

be obtained by equation (5.6): 

ACEI=ACET/GDP  
 

      (5.6) 

5.4.2.2 Explanatory variable -green finance  

Green finance includes a wide range of green financial products, such as green credit, green 

securities, green insurance, green investment and carbon finance (Zhang et al., 2022). 
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Following Lee and Lee (2022), Sun et al. (2023) and Zhang et al. (2022), I construct a 

comprehensive index of green finance development using three main financial products: green 

credit, green investment, and green insurance, as well as government support to measure the 

development of green finance. The entropy method is used to determine the weight of each 

secondary indicator. Table 5.1 presents definitions of the four secondary indicators of the green 

finance development index. 

Table 5.1 The Green Finance Development Index 

Primary index Secondary indicator Indicator description Indicator properties 

Green credit  

Proportion of interest 
expenditure of high 
energy-consuming 
industries  

Interest expense of six high 
energy consuming 
industries/Industrial interest 
expense 

negative 

Green 
investment 

Proportion of investment 
in environmental pollution 
control 

Investment in environmental 
pollution control/GDP positive 

Green 
insurance 

Depth of agricultural 
insurance  

Agricultural insurance 
income/Gross agricultural 
output value 

positive 

Green Support  
Proportion of fiscal 
environmental protection 
expenditure  

Fiscal environmental 
protection 
expenditure/General fiscal 
budget expenditure 

positive 

Author’s compilation 

5.4.2.3 Digital financial inclusion  

DFI data are from The Peking University Digital Financial Inclusion Index of China. The DFI 

index designed by the Peking University Digital Finance Research Center is widely recognized 

and used since it displays the development of DFI comprehensively, objectively, and 

representatively (Liu & Ren, 2023; Wang et al., 2022). The index consists of three sub-

indicators: coverage breadth, depth of use and digitalization degree, covering provincial, city 

and county levels of China. Because of its authority, popularity and other advantages, I use it 

as an indicator to measure the DFI level.  

5.4.2.4 Control variables  

I include a set of control variables that can influence provincial-level ACEs to enhance the 

accuracy of the results. The control variables are urbanization (UR), agriculture mechanization 

level (AML), agricultural industry structure (AIS), agricultural fiscal expense (AFE), 

agricultural workforce education level (EDU), and natural disaster (ND). UR is the ratio of the 

urban population to the total population, reflecting the shift in the rural labor force to urban 

areas (Mo et al., 2023). AML is the machinery use, which impacts productivity and ACEs in 
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the agricultural sector. It is proxied by total power of agricultural machinery in each province. 

AIS is the share of the farming industry and animal husbandry industry output value to the gross 

output value. AFE is government spending on the agricultural sector. EDU measures the 

education level of the rural population by the average schooling years of residents. ND 

measures natural impacts on ACEs’ levels.  

5.4.3 Data  

I use regional data on 31 Chinese provinces from 2011 to 2020. The primary data are from 

China Statistical Yearbook, China Financial Statistics Yearbook, China Environmental 

Statistics Yearbook, and China Rural Statistical Yearbook, and EPS database. Table 5.2 

presents the descriptive statistics of the variables.  

 

Table 5.2 Description of the Variables 

Variable Variable indicator Variable 
symbol Source 

ACEI Agricultural Carbon 
Emissions Intensity  

ACEI Calculation by author  

ACET Total Agricultural 
Carbon Emissions 

ACET Calculation by author 

ACEP Agricultural Carbon 
Emissions Per Capita 

ACEP Calculation by author  

    
Green finance  Green finance Index GF Calculation by author 

Digital financial 
inclusion Digital Finance Index DFI 

The Peking 
University Digital 
Financial Inclusion 
Index of China 

Economic growth  GDP Per Capita PGDP China Statistical 
Yearbook 

Urbanization Rural population/ 
total population UR China Financial 

Statistics Yearbook 
Agriculture 
mechanization 
development level  

million kilowatts AML China Financial 
Statistics Yearbook 

Agricultural industry 
structure  

output value of 
farming industry and 
animal husbandry 
industry/RGDP 

AIS China Financial 
Statistics Yearbook 

Agricultural fiscal 
expense  

government spending 
on agriculture AFE China Financial 

Statistics Yearbook 
Agricultural education 
level 

Average schooling 
years of residents EDU China Financial 

Statistics Yearbook 

Agricultural natural 
disasters 

Damage area by 
disaster/ total planted 
area of crops 

 ND China Statistical 
Yearbook 

Source: Author’s compilation 



 82 

5.5 Results and Discussion  

5.5.1 Descriptive Statistics 
Table 5.3 presents the descriptive statistics of study variables. The mean and median of lnACET 

are 7.732 and 7.880, respectively, indicating the total ACEs of some regions are notably lower 

than the median. The minimum and maximum values of GF are 0.104 and 0.773, respectively, 

indicating a big difference in green finance development level across regions. The standard 

deviations of lnACET, lnACEI, and lnDFI are notably higher than for the other variables, 

indicating the wide spread of these variables. 

Table 5.3 The Descriptive Statistics of the Study Variables 
Variable N Mean P50 SD Min Max 
lnACET 310 7.732 7.880 0.979 4.329 8.853 
lnACEI 310 0.0960 0.00900 0.638 -1.119 2.721 
lnACEP 310 0.540 0.479 0.552 -1.281 1.944 
GF 310 0.248 0.214 0.112 0.104 0.773 
lnDFI 310 5.212 5.410 0.677 2.786 6.068 
lnPGDP 310 9.655 9.654 0.446 8.429 10.69 
lnAML 310 7.637 7.829 1.125 4.543 9.499 
lnFAE 310 6.137 6.212 0.584 4.519 7.200 
lnEDU 310 2.014 2.015 0.116 1.489 2.375 
UR 310 0.459 0.430 0.157 0.168 0.893 
AIS 310 0.662 0.669 0.144 0.355 0.971 
ND 310 0.150 0.121 0.118 0 0.696 
Note:Author’s calculations 

Table 5.4 reports the results of two types of correlation test: Pearson’s correlation coefficients 

and Spearman’s rank correlation. In both tests, the maximum correlation is between 

urbanization and education level, with Pearson’s correlation coefficient value of 0.83 and a 

Spearman’s rank correlation value of 0.78. These results indicate that there is no significant 

multicollinearity issue in the dataset.  

Table 5.4 The Correlation Matrix 
 GF lnDFI lnPGDP lnAML lnFAE lnEDU UR AIS ND 
GF 1 0.23* 0.00 -0.23* -0.12* 0.19* 0.12* 0.25* -0.05 
lnDFI 0.23* 1 0.38* -0.05 0.50* -0.13* -0.08 -0.12* -0.43* 
lnPGDP -0.11* 0.37* 1 0.34* 0.34* 0.11* 0.20* 0.16* -0.05 
lnAML -0.49* -0.06 0.33* 1 0.69* -0.19* -0.28* 0.39* 0.08 
lnFAE -0.09* 0.45* 0.32* 0.67* 1 -0.22* -0.29* 0.09 -0.13* 
lnEDU 0.21* -0.05 0.18* -0.30* -0.16* 1 0.78* 0.01 0.07 
UR 0.29* 0.00 0.11* -0.52* -0.30* 0.83* 1 0.03 0.05 
AIS 0.03 -0.10* 0.14* 0.38* 0.09 -0.06 -0.03 1 0.13* 
ND -0.10* -0.33* -0.04 0.03 -0.20* 0.06 -0.04 0.06 1 
Notes: Lowe-triangular cells report Pearson’s correlation coefficients, upper-triangular 
cells are Spearman’s rank correlation. * p < 0.1, ** p < 0.05, *** p < 0.01 
Source:Author’s calcutions 
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5.5.2 Baseline Regression Analysis  

I use a panel dataset of 31 Chinese provinces from 2011 to 2020 to investigate the impact of 

green finance on ACEI to test hypothesis (1). The results are presented in Table 5.5. Table 5.5, 

Column (1), shows the impact of green finance on ACEI without considering the impact of DFI 

and time effects. Column (2) incorporates DFI to investigate the impact of DFI on ACEI without 

considering time trends. Columns (2) and (3) consider time effects, which can help to address 

the time varying omitted variables problems.  

Table 5.5 Benchmark Regression: The Impact of GF and DFI on ACEI 
Variables (1)  (2)  (3)  

GF -0.585*** (0.18) -0.585*** (0.19) -0.430*** (0.15) 
lnPGDP -0.451*** (0.10) -0.455*** (0.10) -0.360** (0.17) 
lnAML 0.092 (0.08) 0.089 (0.08) 0.047 (0.07) 
lnFAE 0.007 (0.04) -0.010 (0.05) 0.092 (0.07) 
lnEDU 0.287** (0.13) 0.302** (0.13) 0.534*** (0.15) 
UR 0.616 (0.47) 0.653 (0.47) -0.243 (0.49) 
AIS 0.437 (0.38) 0.408 (0.39) 0.328 (0.35) 
ND 0.087 (0.05) 0.091* (0.05) 0.073 (0.05) 
lnDFI   0.012 (0.02) 0.089* (0.05) 
_cons 2.684** (1.31) 2.767* (1.38) 1.347 (1.32) 
N 310.000  310.000  310.000  
r2_a 0.825  0.825  0.871  
year     Yes  
F 43.813  45.275  69.392  
Notes: Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01 Column (1) 
investigates the impact of green finance on ACEI without considering the impact of DFI and 
time effects. Column (2) includes DFI into regression model but does not consider time 
effects. Model (3) both consider the impact of DFI and time effects.  
Source:Author’s calcutions 

 

The results in Table 5.5. Column (1) indicate that green finance negatively impacts ACEI at the 

1% significance level. This suggests that green finance can help decrease ACEI, validating 

hypothesis (1). The results in Column (2) show consistency in the negative relationship between 

green finance and ACEI. At the same time, DFI is positively correlated with ACEI but 

insignificant, indicating that the development of DFI may lead to an increase in ACEI. Table 

5.5, Column (3) shows similar results to Column (2), with a significant negative impact of green 

finance at a 1% significance level and a positive impact of DFI on ACEI at the 10% level. The 

findings align with previous studies (Guo et al., 2022; Mo et al., 2023). The results reveal a 

negative relationship between green finance and ACEs, demonstrating the significant role of 

green finance in ACEs’ reduction. The finding is similar to that in Tong et al. (2022), which 

indicates that the development of green finance can promote green growth by improving green 
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total factor productivity. Using the Super-SBM model to investigate the impact of green finance 

in 30 Chinese provinces from 2006 to 2018, Lee and Lee (2022) show that green finance 

significantly improves green productivity. 

DFI has a positive impact on ACEI, indicating that DFI tends to increase ACEI. This result 

differs from the previous studies by Chang (2022), Liu and Ren (2023) and Sun et al. (2022). 

Specifically, based on panel data of 31 Chinese provinces from 2011 to 2020, Chang (2022) 

reveals that digital finance has a non-linear relationship with ACEs with two thresholds. The 

reduction effects of DFI can be achieved by promoting farmers’ entrepreneurship and 

technological innovation, and urbanization can amplify the reduction effects. Liu and Ren (2023) 

investigated the relationship between DFI and the coordinated development of food security 

and ACEs’ reduction in China’s grain production system. The authors show that an increase in 

DFI leads to an increase in the level of coordinated development of food security and a 

reduction in ACEs. Sun et al. (2022) used a super slacks-based measure model to measure ACEs 

performance in China from 2011 to 2020. Their results reveal that DFI can significantly 

improve ACEs’ performance. The possible reason for the difference in the results could be the 

different indicators used in the models, such as digital finance in Chang’s (2022) study and DFI 

in this study, different samples, and different measurements of ACEs levels.  

Despite the differences in the above studies, the findings support Jin et al. (2023). Their study 

shows that DFI inhibits the improvement of ACEs’ efficiency. They defend their conclusion by 

positing that DFI mainly helps individual farmers and small businesses in rural areas, but 

because of a limited production scale, they cannot afford low-emissions and high-energy 

efficient technologies to reduce ACEs. This study’s results align with the study by Mukalayi 

and Inglesi-Lotz (2023), who argue that higher DFI is associated with higher energy 

consumption, which may lead to increased carbon emissions. 

5.5.3 Moderating Effects Analysis 

In this part of the study, the moderating mechanism of how DFI influences the impacts of green 

finance development on ACEs is analyzed. The commonly used moderating regression model, 

which incorporates an interaction term of green finance and DFI, is used to conduct the analysis. 

Table 5.6 presents the results, with columns (1) and (2) showing the results of ACEI as the 

dependent variable, columns (3) and (4) showing the results of ACET as the dependent variable, 

and columns (5) and (6) showing the results of ACEP as the dependent variable. Columns (1), 

(3), and (5) show the results that do not incorporate the interaction term, reflecting the effects 

of green finance on ACEs, whereas columns (2), (4), and (6) include the interaction term. The 
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negative coefficient of green finance and the positive coefficient of the interaction term suggest 

that DFI inhibits the impacts of green finance on ACEs, which confirms our hypothesis (2), 

suggesting that there is a crowding-out effect of DFI on green finance in terms of ACEs 

reduction. The crowding-out effect of DFI on green finance regarding the reduction of ACEs 

arises from the fact that, although DFI improves financial accessibility, it does not inherently 

allocate financial resources to green or sustainable agricultural practices. This finding aligns 

with previous studies (Jin et al., 2023; Ozturk & Acaravci, 2013; Wang et al., 2022), suggesting 

that DFI increases carbon emissions. Jin et al. (2023) show that DFI contributes to increased 

ACEs efficiency because it does not support technological progress in green agricultural 

production.  

Table 5.6 Regression of Green Finance on Agricultural Carbon Emissions and the 
Moderating Effect of Digital Financial Inclusion) 

Variable (1) (2) (3) (4) (5) (6) 
lnACEI lnACEI lnACET lnACET lnACEP lnACEP 

GF -0.392** -0.526*** -0.265* -0.371** -0.392** -0.526*** 
 (0.15) (0.14) (0.15) (0.15) (0.15) (0.14) 
lnPGDP -0.299** -0.285 0.487*** 0.504** 0.701*** 0.715*** 
 (0.17) (0.18) (0.18) (0.20) (0.15) (0.18) 
lnAML 0.051 0.046 0.080 0.076 0.051 0.046 
 (0.07) (0.06) (0.07) (0.06) (0.07) (0.06) 
lnFAE 0.101 0.083 0.142* 0.127* 0.101 0.083 
 (0.07) (0.07) (0.07) (0.07) (0.07) (0.07) 
lnEDU 0.439*** 0.659*** 0.293* 0.464** 0.439*** 0.659*** 
 (0.13) (0.17) (0.17) (0.20) (0.13) (0.17) 
UR -0.169 -0.379 -0.093 -0.258 -0.169 -0.379 
 (0.48) (0.45) (0.48) (0.48) (0.48) (0.45) 
AIS 0.288 0.409 0.051 0.146 0.288 0.409 
 (0.37) (0.31) (0.40) (0.35) (0.37) (0.31) 
ND 0.065 0.043 0.034 0.015 0.065 0.043 
 (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) 
lnDFI  0.070  0.049  0.070 
  (0.05)  (0.05)  (0.05) 
interact  0.284**  0.232**  0.284** 
  (0.11)  (0.11)  (0.11) 
Constant 1.192 0.540 1.233 0.688 -8.019*** -8.670*** 
 (1.29) (1.38) (1.82) (1.94) (1.29) (1.38) 
N 310 310 310 310 310 310 
r2_a 0.868 0.880 0.647 0.666 0.756 0.778 
year Yes Yes Yes Yes Yes Yes 
F 67.579 49.667 37.072 22.597 49.571 47.293 
Notes: Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01 
Source: Author’s calculations 

 
 
Instead, it encourages the wide use of traditional high-energy technologies. However, the results 

for the relationship between green finance and DFI have not yet been found. The possible reason 



 86 

that DFI inhibits the impacts of green finance could be attributed to the relatively backward, 

imperfect rural financial system (Pan, 2022). The difficulties in financing and the high cost of 

financing seriously restrict the development of rural areas. When facing the provision of green 

finance and DFI, individual farmers and small businesses tend to use funds to expand the scale 

and promote the efficiency of agricultural production rather than considering environmental 

outcomes. The support and incentives provided by the green policy are insufficient to 

supporfarmers and rural businesses to overcome the negative externalities of traditional 

agricultural production. 

5.5.4 Heterogeneous Analysis 

The impacts of green finance and DFI on ACEs are confirmed by the baseline results. To further 

explore the heterogeneity of the effects of different levels of green finance development on 

ACEs, I conduct subgroup regressions. The main results are presented in Table 5.7. Column (1) 

shows low green finance development, Column (2) shows the results of high green finance 

development, and Column (3) shows the whole samples.  

Comparing the results of the two groups, we find that the group with a low green finance level 

shows a significantly negative impact of green finance on ACEs at a 5% level in Column (1) of 

Table 5.7. However, the group with a high green finance level shows an insignificant negative 

impact on ACEs. The coefficients of DFI in all three columns are insignificant, indicating that 

DFI does not exert a significant effect on ACEs. However, the coefficient in Column (1) is 

negative, while in Column (2), it is positive, suggesting that DFI is conducive to ACE reduction 

in the regions with low green finance development despite insignificance. This is an interesting 

finding, which implies that there is an uncoordinated development of green finance and DFI. 

The results validate hypothesis (3) that the impacts of green finance and DFI vary with the 

development level of green finance. 

Table 5.7 The Heterogeneous Effect of GF and DFI on ACEI 
Variable  (1) Low  (2) High  (3) Full  
GF -2.073** (0.91) -0.040 (0.89) -2.008*** (0.61) 
lnDFI -0.022 (0.03) 0.111 (0.08) -0.001 (0.06) 
interact 0.394** (0.17) -0.108 (0.16) 0.284** (0.11) 
lnPGDP -0.252** (0.10) -0.337* (0.17) -0.285 (0.18) 
lnAML -0.003 (0.03) 0.047 (0.07) 0.046 (0.06) 
lnFAE -0.071* (0.04) 0.248*** (0.08) 0.083 (0.07) 
lnEDU 0.044 (0.22) 0.491* (0.24) 0.659*** (0.17) 
UR -0.599* (0.33) -0.218 (0.66) -0.379 (0.45) 
AIS 0.682** (0.27) 0.185 (0.41) 0.409 (0.31) 
ND 0.009 (0.02) -0.051 (0.09) 0.043 (0.05) 
_cons 2.921** (1.21) 0.536 (1.38) 0.908 (1.36) 
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N 155.000  155.000  310.000  
r2_a 0.973  0.798  0.880  
year Yes  Yes  Yes  
F 1.7e+04  251.810  49.667  
Notes: Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01 

  Source: Author’s calculations 

Regarding the moderating effects of DFI, in both Column (1) with low green finance 

development level and Column (3) with full samples, the interaction term is significantly 

positive, and the coefficients of GF are negative, suggesting that the joint effects of green 

finance and DFI increase the ACEs. However, in Column (2), the joint effects of green finance 

and DFI do not significantly impact ACEs. This suggests a more uncoordinated development 

in regions with low green finance development levels. 

5.5.5 Endogeneity Analysis  

Endogeneity is a significant issue in empirical studies that should be addressed to obtain more 

robust results. In this study, there are several potential causes of endogeneity. First, there may 

be reverse causality because of the complex relationships among the variables. The previous 

analysis in this chapter shows that green finance exerts a significant impact on ACEs. However, 

when the ACEs are too high in some regions, it compels the local government to promote green 

finance development to address the issue. Green finance and DFI, as new financial forms, 

influence each other. Secondly, I control many factors influencing ACEs to address the omitted 

variables issue and use the bi-directional fixed effects model to control the individual effects 

and time effects to alleviate the issue; eliminating the omitted variables issue is unrealistic. To 

address the endogeneity, I adopt two methods. The first is to shift the dependent variable 

forward by one period to address reverse causality. The results of this method are reported in 

Table 5.8.  

Table 5.8 Regression Results after Shifting Dependt variable Forward by One Period 

Variable (1) (2) 
F.lnACEI F.lnACET 

GF -1.992*** (0.53) -1.457** (0.56) 
lnDFI 0.015 (0.06) 0.029 (0.05) 
interact 0.292*** (0.10) 0.216** (0.10) 
lnPGDP -0.300 (0.20) 0.496** (0.23) 
lnAML 0.053 (0.06) 0.089 (0.06) 
lnFAE 0.049 (0.07) 0.080 (0.07) 
lnEDU 0.869*** (0.18) 0.551** (0.21) 
UR -0.466 (0.47) -0.299 (0.53) 
AIS 0.374 (0.29) 0.151 (0.36) 
ND 0.038 (0.04) 0.008 (0.04) 
Constant 0.710 (1.54) 0.935 (2.15) 
N  279.000  279.000  
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r2_a 0.876  0.669  
year Yes  Yes  
F 201.648  18.066  
Notes: Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.  
Source: Author’s calculations 

 

The second method is two-stage least squares estimation(2SLS), which is conducted with the 

average green finance level in that year as an instrumnetal variable (IV). This IV is highly 

relevant to green finance but not relevant to ACEs, satisfying the requirements of the 2SLS 

model. The results of 2SLS method are presented in Table 5.9.  

 

Table 5.9 Regression Results Using the Instrumental Variable Method 

Variable  (1) (2) 
lnACEI lnACET 

GF -1.447*** (0.32) -1.042*** (0.39) 
lnDFI 0.010 (0.06) 0.003 (0.06) 
interact 0.200*** (0.06) 0.138* (0.07) 
lnPGDP -0.247 (0.17) 0.513** (0.21) 
lnAML 0.042 (0.06) 0.069 (0.06) 
lnFAE 0.065 (0.06) 0.111* (0.07) 
lnEDU 0.229 (0.21) 0.257 (0.24) 
UR -0.369 (0.45) -0.303 (0.47) 
AIS 0.432 (0.31) 0.194 (0.36) 
ND 0.045 (0.04) 0.014 (0.04) 
Constant 1.884 (1.48) 1.728 (2.01) 
N 300.000 300.000 
Notes: Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01 
Source: Author’s calculations 

 

5.5.6 Robustness Test  

There are three critical metrics used to assess ACEs: ACEI, ACET, and ACEP (Cui et al., 2022; 

Wen et al., 2022). ACET is the total ACEs, and ACEP is the per capita carbon emissions. I use 

ACEI as the dependent variable in the study's baseline model since it can offer an in-depth 

comprehension of emissions efficiency. However, ACET also offers a comprehensive 

perspective on total emissions, ensuring the results are valid at an aggregate level. ACEP 

facilitates a per capita analysis, which can illuminate emissions associated with individual 

productivity or consumption behaviors. Thus, ACET and ACEP are used as alternative 

variables for robustness checks. The results are presented in Table 5.6, Columns (3), (4), (5), 

and (6) and Table 5.9, Column (2). The results in Table 5.6 demonstrate that green finance has 

a negative impact on ACEs, including using the alternative ACET and ACEP, which validates 

hypothesis (1). The results of 2SLS method in Table 5.9 reinforce the validity of those results.  
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5.6 Conclusions and Policy Recommendations  

The study uses a fixed effects regression model to investigate the impact of green finance and 

DFI on the ACEs of 31 Chinese provinces from 2011 to 2020, conducts a moderation 

mechanism analysis to explore the combined effects of green finance and DFI on ACEs, and 

uses a group regression method to examine the heterogeneity of the impact of green finance on 

ACEs. One period forward of the dependent variable and 2SLS regression methods are used to 

address endogeneity issues in the model. The instrumental variable method is also used to 

ensure the validity of the results. 

The main findings are as follows. First, green finance development is conducive to reducing 

agricultural carbon emissions, but digital financial inclusion tends to increase carbon emissions 

in rural China. Secondly, the promotion of digital financial inclusion has an inhibiting effect on 

the impact of green finance on agricultural carbon emission reductions, indicating 

uncoordinated development between green finance and digital financial inclusion in rural China. 

Thirdly, the effects of green finance and digital financial inclusion vary with the development 

level of green finance; green finance and digital financial inclusion show a more uncoordinated 

development in regions with low green finance development levels. 

Based on the results, there are several policy recommendations. First, considering the 

significant role of green finance in reducing carbon emissions in rural China, governments must 

establish a rural green financial system, implement more green policies, and provide more 

incentives to promote green finance development in rural areas. Currently, the lack of green 

financial products for rural restricts agricultural green development. Accelerating the 

development of rural green finance is of great significance to realizing rural revitalization 

policies and carbon neutrality goals in China. Secondly, green finance and digital financial 

inclusion should be integrated for coordinated development. The development of green finance 

can help digital financial inclusion realize sustainable goals and digital financial inclusion can 

provide more financing channels and financial resources for green finance, extending market 

reach. Therefore, the integration of green finance and digital financial inclusion’s development 

should be promoted by encouraging financial institutions to develop more green digital 

financial inclusion products that can meet green standards in an extensive market. Thirdly, 

when formulating policies to promote the development of green finance and digital financial 

inclusion, ‘one-size-fits-all’ policies should not be advocated. The formulated policies should 

be tailored to regional characteristics, accounting for local economic growth, natural 

endowments and industry structure. 
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5.7 Limitations and Future Research  

This study has several limitations. First, it lacks data on rural green finance, so cannot provide 

an overall understanding of its development in rural areas and propose targeted rural green 

finance development measures. Second, the study period is not long because of data availability. 

The results would be more robust if an extended study period on the relationships among green 

finance, DFI and ACEs could be analysed. Thirdly, I use only China as a sample to investigate 

the relationships among green finance, DFI and ACEs, which cannot provide a universal 

conclusion. If more samples from other regions, such as Asia, Europe and North America, can 

be added, it will provide more in-depth analysis, general conclusions and implications. Future 

research could obtain more available data to do transnational research, analyse the relationships 

among green finance, DFI and ACEs at a national level.  

 



 91 

Conclusion 

6.1 Main Findings of the Research  

This thesis consists of three essays investigating how the financial system can reduce carbon 

emissions in rural China. The first essay investigates the role of rural financial development on 

the relationship between agricultural growth and ACEs. The second essay examines the role of 

green finance in ACE reduction. The third essay examines the role of DFI and its moderating 

effects on the impact of green finance on ACEs.  

The first essay comprises two parts. Part one measures the agricultural carbon emissions and 

analyses the structure changes and the temporal and spatial characteristics using the Theil Index 

and Moran’s I Index. The results show a fluctuating growth trend of ACEs characterized by an 

“increase-decrease-increase-decrease” pattern, with livestock and land use emissions emerging 

as the two major contributors to carbon emissions. The decreasing Theil Index shows that the 

regional emissions disparity is diminishing. The Moran Index shows positive spatial 

autocorrelation among regions. Part two, based on the EKC Theory, investigates the impact of 

agricultural growth and rural financial development on agricultural carbon emissions in 31 

Chinese provinces from 2001 to 2019. The results reveal that the theory is not valid in rural 

China, with an inverted “N” shape relationship between agricultural growth and ACEs; 

financial development is not conducive to carbon emissions reductions in rural areas, since rural 

financial efficiency is significantly positively correlated with ACEs and reginal disparities are 

obvious.  

The second essay investigates the impact of green finance on ACEs in 31 Chinese provinces 

from 2007 to 2020 using fixed effects, quantile regression and DID methods. The results reveal 

that green finance does not play a significant role in reducing ACEs in the whole of China, but 

it significantly decreases the ACEs in eastern and central China. As one dimension of green 

finance development, government finance support substantially reduces ACEs whereas green 

credit increases ACEs. The use of agricultural machinery contributes to increased ACEs. The 

impact of green finance on ACEs displays regional heterogeneity in China and different impacts 

of green finance on ACEs are observed across different the quantiles because of different 

focusses and initiatives of green finance in the different regions. Third, the Green Finance 

Reform and Innovation Pilot Zones has no policy effect on ACEs. 
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The third essay examines the impact of green finance and DFI on the ACEs of 31 Chinese 

provinces from 2011 to 2020 and explores the mechanism of how DFI moderates the impact of 

green finance on ACEs. I use a group regression method to examine heterogeneity in the impact 

of green finance on ACEs. The results indicate that green finance development plays a crucial 

role in reducing ACEs whereas DFI increases carbon emissions in rural China. Additionally, 

DFI has an inhibiting effect on the impact of green finance on ACEs’ reduction, indicating 

uncoordinated development between green finance and DFI. Thirdly, the impacts of green 

finance and DFI vary with the development level of green finance; green finance and DFI show 

a more uncoordinated development in regions with low green finance development levels. 

Overall, the studies provide a comprehensive insight into the emissions reduction effects of 

financial development and the mechanism of how financial development impacts carbon 

emissions reduction in rural China.  

6.2 The Implications of the Research  

The studies’ results provide significant policy implications for the Chinese government to 

formulate differential carbon emissions reduction policy measures. First, since green finance 

plays a significant role in ACEs reduction, it is crucial to promote rural green finance 

development, which is very significant to realizing rural revitalization policies and carbon 

neutrality goals in China. To this end, it is necessary for governments to establish a rural green 

financial system, implement more green policies, and provide more incentives to promote green 

finance development in rural areas. For financial institutions, it is necessary to develop and 

provide more green financial products tailored to rural areas, directing the capital toward green 

agricultural programs and practices since green industries development in rural areas is 

restricted by the lack of green financial products. For individuals, it is essential to enhance 

public awareness about the environmental impacts of agriculture production in rural 

communities. 

Secondly, green finance and DFI should be integrated for coordinated development in China. 

The development of green finance can help DFI realize sustainable goals and DFI can provide 

more financing channels and financial resources for green finance, extending its market reach. 

Therefore, the integration of green finance and DFI development should be promoted by 

encouraging financial institutions to develop more green DFI products that can meet green 

standards and target an extensive market.  
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Thirdly, given the substantial role of policies on the reduction of ACEs, the development of 

green finance and DFI in China, governments need to play a significant role in building a 

standardized measurement system for ACEs that can ensure consistent, accurate assessment of 

ACEs. This includes formulating more targeted fiscal policies and green policies on the 

reduction of ACEs and promoting the development of green finance and DFI. However, it is 

worth noting that, when formulating polices, it is essential to formulate region-specific policies, 

‘one-size-fits-all’ policies should not be advocated because of regional heterogeneity. 

In conclusion, green financial innovations and targeted policy interventions are essential to 

support green finance and DFI development, thereby reducing carbon emissions in rural areas 

by utilizing financial resources.  

6.3 Contributions of the Research  

Given China’s significant contribution to global warming and its commitment to mitigating 

climate change by reducing carbon emissions, carbon emissions reduction has become an 

essential task for every sector in China. Many studies have focused on the industry, energy, and 

transport sectors but have neglected the agricultural sector for a long time. Against the 

background of rural revitalization and green agricultural development, how the financial system 

can help reduce carbon emissions and facilitate the development of green agriculture is essential.  

This thesis bridges a literature gap by investigating the role of rural finance, green finance, and 

DFI in reducing ACEs. The possible contributions are as follows. First, this thesis provides a 

more comprehensive measurement of ACEs by covering more carbon sources, including 

agricultural land use, rice paddies, and livestock management, which were often overlooked in 

previous studies. Since the measurement of ACEs follows the latest IPCC guidelines and 

accounts for the actual situation in China by adjusting the carbon coefficients to the local 

context, it provides an improved measurement of provincial-level ACEs in China.  

Secondly, this thesis extends the EKC Theory framework to the agricultural sector and 

overcomes the omitted variable bias in the hypothesis by integrating financial development into 

the EKC framework, which not only contributes to the literature but also provides practical 

policy insights for reducing ACEs, especially with a background of the “dual carbon” strategy. 

Thirdly, this thesis examines the role of green finance in reducing carbon emissions in the 

agricultural sector, which was previously overlooked compared to the industry and energy 

sectors. The study uses quantile regression to examine the asymmetric effects of green finance 
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across different quantiles, providing new insights to enable reduced carbon emissions and 

valuable information for formulating policies to achieve green development. 

Fourthly, this thesis is pioneering in investigating the combined effects of green finance and 

DFI on ACEs, thus providing a more comprehensive understanding of the relationships and 

analysing the underlying mechanisms. It also reveals an interesting result that DFI restrains the 

effects of green finance, indicating a crowding out effect of DFI on green finance in rural areas 

during the study period.  

Overall, this thesis not only provides new perspectives and frameworks for theoretical study 

but also offers practical guidance for policymakers to help them effectively address climate 

change and achieve green development using financial tools.  

6.4 Limitations and Future Research  

Overall, there are several limitations. First, for the ACEs research, the data sample includes 

only 31 Chinese provinces, so it cannot provide more county- or household-level insights. Since 

the influencing factors on ACEs include macro- and micro-level factors, such as farmers’ green 

behaviors, financial literacy, and digital capability, macro and micro analysis can be combined 

to get a more robust result.  

Second, for green finance research, the lack of data on rural green finance makes it impossible 

to provide an overall understanding of its development in rural areas and so propose targeted 

rural green finance development measures. Knowledge of the mechanism analysis on how 

green finance impacts ACEs is lacking.  

Thirdly, the study focuses on only the agricultural sector in China to investigate the 

relationships among green finance, DFI and ACEs, which may differ from developed countries 

or other developing countries and cannot provide a universal conclusion. Future research can 

obtain available household-level data using field surveys to conduct microanalysis on how 

green finance and DFI impact ACEs and determine the relationship between green finance and 

DFI in rural areas. Future research can also focus on a more expanded area by conducting 

transnational research, analysing the relationships among green finance, DFI and carbon 

emissions at the national level.  

 

 

 



 95 

References 

Abate, G. T., Rashid, S., Borzaga, C., & Getnet, K. (2016). Rural finance and agricultural 

technology adoption in Ethiopia: Does the institutional design of lending organizations 

matter? World Development, 84, 235–253. 

https://doi.org/10.1016/j.worlddev.2016.03.003 

Abbasi, F., & Riaz, K. (2016). CO2 emissions and financial development in an emerging 

economy: An augmented VAR approach. Energy Policy, 90, 102–114. 

https://doi.org/10.1016/j.enpol.2015.12.017 

Acheampong, A. O. (2018). Economic growth, CO2 emissions and energy consumption: 

What causes what and where? Energy Economics, 74, 677–692. 

https://doi.org/10.1016/j.eneco.2018.07.022 

Acheampong, A. O., Adams, S., & Boateng, E. (2019). Do globalization and renewable 

energy contribute to carbon emissions mitigation in Sub-Saharan Africa? Science of 

the Total Environment, 677, 436–446. https://doi.org/10.1016/j.scitotenv.2019.04.353 

Adams, S., & Klobodu, E. K. M. (2018). Financial development and environmental 

degradation: Does political regime matter? Journal of Cleaner Production, 197, 1472–

1479. https://doi.org/10.1016/j.jclepro.2018.06.252 

Agovino, M., Casaccia, M., Ciommi, M., Ferrara, M., & Marchesano, K. (2019). Agriculture, 

climate change and sustainability: The case of EU-28. Ecological Indicators, 105, 

525–543. https://doi.org/10.1016/j.ecolind.2018.04.064 

Ahmad, M., Ahmed, Z., Yang, X., Hussain, N., & Sinha, A. (2022). Financial development 

and environmental degradation: Do human capital and institutional quality make a 

difference? Gondwana Research, 105, 299–310. 

https://doi.org/10.1016/j.gr.2021.09.012 

Ahmad, M., Majeed, A., Khan, M. A., Sohaib, M., & Shehzad, K. (2021). Digital financial 

inclusion and economic growth: Provincial data analysis of China. China Economic 

Journal, 14(3), 291–310. https://doi.org/10.1080/17538963.2021.1882064 

Akbostancı, E., Türüt-Aşık, S., & Tunç, G. İ. (2009). The relationship between income and 

environment in Turkey: Is there an environmental Kuznets curve? Energy Policy, 

37(3), 861–867. https://doi.org/10.1016/j.enpol.2008.09.088 

Akram, Z., Engo, J., Akram, U., & Zafar, M. W. (2019). Identification and analysis of driving 

factors of CO 2 emissions from economic growth in Pakistan. Environmental Science 



 96 

and Pollution Research, 26, 19481–19489. https://doi.org/10.1007/s11356-019-05281-

0 

Bai, J., Chen, Z., Yan, X., & Zhang, Y. (2022). Research on the impact of green finance on 

carbon emissions: Evidence from China. Economic Research-Ekonomska Istraživanja, 

35(1), 6965–6984. https://doi.org/10.1080/1331677X.2022.2054455 

Beck, T., Lu, L., & Yang, R. (2015). Finance and growth for microenterprises: Evidence from 

rural China. World Development, 67, 38–56. 

https://doi.org/10.1016/j.worlddev.2014.10.008 

Bell, M. J., Cloy, J. M., & Rees, R. M. (2014). The true extent of agriculture’s contribution to 

national greenhouse gas emissions. Environmental Science and Policy, 39, 1–12. 

https://doi.org/10.1016/j.envsci.2014.02.001 

Blundell, R., & Bond, S. (1998). Initial conditions and moment restrictions in dynamic panel 

data models. Journal of Econometrics, 87(1), 115–143. https://doi.org/10.1016/S0304-

4076(98)00009-8 

Brock, W. A., & Taylor, M. S. (2005). Economic Growth and the Environment: A Review of 

Theory and Empirics. In Handbook of Economic Growth (Vol. 1, pp. 1749–1821). 

Elsevier. https://doi.org/10.1016/S1574-0684(05)01028-2 

Carlson, K. M., Gerber, J. S., Mueller, N. D., Herrero, M., MacDonald, G. K., Brauman, K. 

A., Havlik, P., O’Connell, C. S., Johnson, J. A., Saatchi, S., & West, P. C. (2017). 

Greenhouse gas emissions intensity of global croplands. Nature Climate Change, 7(1), 

63–68. https://doi.org/10.1038/nclimate3158 

Chang, J. (2022). The role of digital finance in reducing agricultural carbon emissions: 

Evidence from China’s provincial panel data. Environmental Science and Pollution 

Research, 29(58), 87730–87745. https://doi.org/10.1007/s11356-022-21780-z 

Chibba, M. (2009). Financial inclusion, poverty reduction and the Millennium Development 

Goals. The European Journal of Development Research, 21(2), 213–230. 

https://doi.org/10.1057/ejdr.2008.17 

Cowan, E. (1999). Topical issues in environmental finance. Research Paper Commissioned 

by the Asia Branch of the Canadian International Development Agency (CIDA), 1, 1–

20. 

Cui, Y., Khan, S. U., Deng, Y., & Zhao, M. (2021). Regional difference decomposition and 

its spatiotemporal dynamic evolution of Chinese agricultural carbon emission: 

Considering carbon sink effect. Environmental Science and Pollution Research, 28, 

38909–38928. https://doi.org/10.1007/s11356-021-13442-3 



 97 

Cui, Y., Khan, S. U., Deng, Y., & Zhao, M. (2022). Spatiotemporal heterogeneity, 

convergence and its impact factors: Perspective of carbon emission intensity and 

carbon emission per capita considering carbon sink effect. Environmental Impact 

Assessment Review, 92, 106699. https://doi.org/10.1016/j.eiar.2021.106699  

Dalgaard, T., Olesen, J. E., Petersen, S. O., Petersen, B. M., Jørgensen, U., Kristensen, T., 

Hutchings, N. J., Gyldenkærne, S., & Hermansen, J. E. (2011). Developments in 

greenhouse gas emissions and net energy use in Danish agriculture – How to achieve 

substantial CO2 reductions? Environmental Pollution, 159(11), 3193–3203. 

https://doi.org/10.1016/j.envpol.2011.02.024 

Dar, J. A., & Asif, M. (2018). Does financial development improve environmental quality in 

Turkey? An application of endogenous structural breaks based cointegration approach. 

Management of Environmental Quality: An International Journal, 29(2), 368–384. 

https://doi.org/10.1108/MEQ-02-2017-0021 

Desalegn, G., & Tangl, A. (2022). Enhancing green finance for inclusive green growth: A 

systematic approach. Sustainability, 14(12), 7416. https://doi.org/10.3390/su14127416 

Dinda, S. (2004). Environmental Kuznets Curve hypothesis: A survey. Ecological Economics, 

49(4), 431–455. https://doi.org/10.1016/j.ecolecon.2004.02.011 

Dogan, E., & Seker, F. (2016). The influence of real output, renewable and non-renewable 

energy, trade and financial development on carbon emissions in the top renewable 

energy countries. Renewable and Sustainable Energy Reviews, 60, 1074–1085. 

https://doi.org/10.1016/j.rser.2016.02.006 

Dogan, E., Seker, F., & Bulbul, S. (2017). Investigating the impacts of energy consumption, 

real GDP, tourism and trade on CO2 emissions by accounting for cross-sectional 

dependence: A panel study of OECD countries. Current Issues in Tourism, 20(16), 

1701–1719. https://doi.org/10.1080/13683500.2015.1119103 

Dogan, E., & Turkekul, B. (2016). CO2 emissions, real output, energy consumption, trade, 

urbanization and financial development: Testing the EKC hypothesis for the USA. 

Environmental Science and Pollution Research, 23(2), 1203–1213. 

https://doi.org/10.1007/s11356-015-5323-8 

Dou, Y., Zhao, J., Dong, X., & Dong, K. (2021). Quantifying the impacts of energy inequality 

on carbon emissions in China: A household-level analysis. Energy Economics, 102, 

105502. https://doi.org/10.1016/j.eneco.2021.105502 

 

https://doi.org/10.1016/j.eiar.2021.106699


 98 

Du, Y., Liu, H., Huang, H., & Li, X. (2023). The carbon emission reduction effect of 

agricultural policy—Evidence from China. Journal of Cleaner Production, 406, 

137005. https://doi.org/10.1016/j.jclepro.2023.137005 

Durusu-Ciftci, D., Ispir, M. S., & Yetkiner, H. (2017). Financial development and economic 

growth: Some theory and more evidence. Journal of Policy Modeling, 39(2), 290–306. 

https://doi.org/10.1016/j.jpolmod.2016.08.001 

Duxbury, J. M. (1994). The significance of agricultural sources of greenhouse gases. 

Fertilizer Research, 38(2), 151–163. https://doi.org/10.1007/BF00748775 

Ebi, K. L., Vanos, J., Baldwin, J. W., Bell, J. E., Hondula, D. M., Errett, N. A., Hayes, K., 

Reid, C. E., Saha, S., Spector, J., & Berry, P. (2021). Extreme weather and climate 

change: Population health and health system implications. Annual Review of Public 

Health, 42(1), 293–315. https://doi.org/10.1146/annurev-publhealth-012420-105026 

Fang, Y., & Shao, Z. (2022). Whether green finance can effectively moderate the green 

technology innovation effect of heterogeneous environmental regulation. International 

Journal of Environmental Research and Public Health, 19(6), 3646. 

https://doi.org/10.3390/ijerph19063646 

Fareed, Z., Rehman, M. A., Adebayo, T. S., Wang, Y., Ahmad, M., & Shahzad, F. (2022). 

Financial inclusion and the environmental deterioration in Eurozone: The moderating 

role of innovation activity. Technology in Society, 69, 101961. 

https://doi.org/10.1016/j.techsoc.2022.101961 

Farooq, S., Ozturk, I., Majeed, M. T., & Akram, R. (2022). Globalization and CO2 emissions 

in the presence of EKC: A global panel data analysis. Gondwana Research, 106, 367–

378. https://doi.org/10.1016/j.gr.2022.02.002 

Gao, Q., Cheng, C., Sun, G., & Li, J. (2022). The impact of digital inclusive finance on 

agricultural green total factor productivity: Evidence from China. Frontiers in Ecology 

and Evolution, 10, 905644. https://doi.org/10.3389/fevo.2022.905644 

Gokmenoglu, K. K., & Taspinar, N. (2018). Testing the agriculture-induced EKC hypothesis: 

The case of Pakistan. Environmental Science and Pollution Research, 25, 22829–

22841. https://doi.org/10.1007/s11356-018-2330-6 

Grossman, G., & Krueger, A. (1991). Environmental Impacts of a North American Free 

Trade Agreement (w3914; p. w3914). National Bureau of Economic Research. 

https://doi.org/10.3386/w3914 

Grossman, G. M., & Krueger, A. B. (1995). Economic growth and the environment. The 

Quarterly Journal of Economics, 110(2), 353–377. https://doi.org/10.2307/2118443 



 99 

Guo, H., Fan, B., & Pan, C. (2021). Study on mechanisms underlying changes in agricultural 

carbon emissions: A case in Jilin Province, China, 1998–2018. International Journal 

of Environmental Research and Public Health, 18(3), 919. 

https://doi.org/10.3390/ijerph18030919 

Guo, L., Zhao, S., Song, Y., Tang, M., & Li, H. (2022). Green finance, chemical fertilizer use 

and carbon emissions from agricultural production. Agriculture, 12(3), 313. 

https://doi.org/10.3390/agriculture12030313 

Han, J., Qu, J., Maraseni, T. N., Xu, L., Zeng, J., & Li, H. (2021). A critical assessment of 

provincial-level variation in agricultural GHG emissions in China. Journal of 

Environmental Management, 296, 113190. 

https://doi.org/10.1016/j.jenvman.2021.113190 

Heidari, H., Turan Katircioğlu, S., & Saeidpour, L. (2015). Economic growth, CO2 emissions, 

and energy consumption in the five ASEAN countries. International Journal of 

Electrical Power and Energy Systems, 64, 785–791. 

https://doi.org/10.1016/j.ijepes.2014.07.081 

Hong, M., Tian, M., & Wang, J. (2022). Digital inclusive finance, agricultural industrial 

structure optimization and agricultural green total factor productivity. Sustainability, 

14(18), 11450. https://doi.org/10.3390 /su141811450 

Hou, H., Zhu, Y., Wang, J., & Zhang, M. (2023). Will green financial policy help improve 

China’s environmental quality? The role of digital finance and green technology 

innovation. Environmental Science and Pollution Research, 30(4), 10527–10539. 

https://doi.org/10.1007/s11356-022-22887-z 

Hu, X., & Wang, J. (2010). Estimation of livestock greenhouse gases discharge in China. [in 

Chinese] Transactions of the Chinese Society of Agricultural Engineering, 26(10), 

247–252. 

Huang, X., Xu, X., Wang, Q., Zhang, L., Gao, X., & Chen, L. (2019). Assessment of 

agricultural carbon emissions and their spatiotemporal changes in China, 1997–2016. 

International Journal of Environmental Research and Public Health, 16(17), 3105. 

https://doi.org/10.3390/ijerph16173105 

Hussain, S., Akbar, M., Gul, R., Shahzad, S. J. H., & Naifar, N. (2023). Relationship between 

financial inclusion and carbon emissions: International evidence. Heliyon, 9(6), 

e16472. https://doi.org/10.1016/j.heliyon.2023.e16472 

Irfan, M., Razzaq, A., Sharif, A., & Yang, X. (2022). Influence mechanism between green 

finance and green innovation: Exploring regional policy intervention effects in China. 



 100 

Technological Forecasting and Social Change, 182, 121882. 

https://doi.org/10.1016/j.techfore.2022.121882 

Intergovernmental Panel on Climate Change. (2019). 2019 Refinement to the 2006 IPCC 

Guidelines for National Greenhouse Gas Inventories. Retrieved from http://www.ipcc-

nggip.iges.or.jp/public/2019rf/index.html 

Jahanger, A., Hossain, M. R., Onwe, J. C., Ogwu, S. O., Awan, A., & Balsalobre-Lorente, D. 

(2023). Analyzing the N-shaped EKC among top nuclear energy generating nations: A 

novel dynamic common correlated effects approach. Gondwana Research, 116, 73–

88. https://doi.org/10.1016/j.gr.2022.12.012 

Jalil, A., & Feridun, M. (2011). The impact of growth, energy and financial development on 

the environment in China: A cointegration analysis. Energy Economics, 33(2), 284–

291. https://doi.org/10.1016/j.eneco.2010.10.003 

Javid, M., & Sharif, F. (2016). Environmental Kuznets curve and financial development in 

Pakistan. Renewable and Sustainable Energy Reviews, 54, 406–414. 

https://doi.org/10.1016/j.rser.2015.10.019 

Jin, S., Chen, Z., Bao, B., & Zhang, X. (2023). Study on the influence of digital financial 

inclusion on agricultural carbon emission efficiency in the Yangtze River Economic 

Belt. International Journal of Low-Carbon Technologies, 18, 968–979. 

https://doi.org/10.1093/ijlct/ctad072 

Johnson, J. M.-F., Franzluebbers, A. J., Weyers, S. L., & Reicosky, D. C. (2007). Agricultural 

opportunities to mitigate greenhouse gas emissions. Environmental Pollution, 150(1), 

107–124. https://doi.org/10.1016/j.envpol.2007.06.030 

Khan, I., Hou, F., & Le, H. P. (2021). The impact of natural resources, energy consumption, 

and population growth on environmental quality: Fresh evidence from the United 

States of America. Science of the Total Environment, 754, 142222. 

https://doi.org/10.1016/j.scitotenv.2020.142222 

Khan, K., Luo, T., Ullah, S., Rasheed, H. M. W., & Li, P.-H. (2023). Does digital financial 

inclusion affect CO2 emissions? Evidence from 76 emerging markets and developing 

economies (EMDE’s). Journal of Cleaner Production, 420, 138313. 

https://doi.org/10.1016/j.jclepro.2023.138313 

Khan, M. T. I., Yaseen, M. R., & Ali, Q. (2017). Dynamic relationship between financial 

development, energy consumption, trade and greenhouse gas: Comparison of upper 

middle income countries from Asia, Europe, Africa and America. Journal of Cleaner 

Production, 161, 567–580. https://doi.org/10.1016/j.jclepro.2017.05.129 



 101 

Khan, S., Khan, M. K., & Muhammad, B. (2021). Impact of financial development and 

energy consumption on environmental degradation in 184 countries using a dynamic 

panel model. Environmental Science and Pollution Research, 28(8), 9542–9557. 

https://doi.org/10.1007/s11356-020-11239-4 

Kijima, M., Nishide, K., & Ohyama, A. (2010). Economic models for the environmental 

Kuznets curve: A survey. Journal of Economic Dynamics and Control, 34(7), 1187–

1201. https://doi.org/10.1016/j.jedc.2010.03.010 

Kirikkaleli, D., & Kalmaz, D. B. (2020). Testing the moderating role of urbanization on the 

environmental Kuznets curve: Empirical evidence from an emerging market. 

Environmental Science and Pollution Research, 27(30), 38169–38180. 

https://doi.org/10.1007/s11356-020-09870-2 

Kwakwa, P. A., Acheampong, V., & Aboagye, S. (2022). Does agricultural development 

affect environmental quality? The case of carbon dioxide emission in Ghana. 

Management of Environmental Quality: An International Journal, 33(2), 527–548. 

https://doi.org/10.1108/MEQ-09-2021-0222 

Labatt, S., & White, R. R. (2002). Environmental Finance: A Guide to Environmental Risk 

Assessment and Financial Products (Vol. 98). John Wiley & Sons. 

https://www.google.com/books?hl=zh-

CN&lr=&id=LQkLEAAAQBAJ&oi=fnd&pg=PA1&dq=labatt+and+white&ots=c87zl

3xayt&sig=_TK893SWNo7zOyY9lffBlILjn4Y 

Lai, J. T., Yan, I. K. M., Yi, X., & Zhang, H. (2020). Digital financial inclusion and 

consumption smoothing in China. China and World Economy, 28(1), 64–93. 

https://doi.org/10.1111/cwe.12312 

Lan, J., Wei, Y., Guo, J., Li, Q., & Liu, Z. (2023). The effect of green finance on industrial 

pollution emissions: Evidence from China. Resources Policy, 80, 103156. 

https://doi.org/10.1016/j.resourpol.2022.103156 

Laurett, R., Paço, A., & Mainardes, E. W. (2021). Sustainable development in agriculture and 

its antecedents, barriers and consequences – An exploratory study. Sustainable 

Production and Consumption, 27, 298–311. https://doi.org/10.1016/j.spc.2020.10.032 

Leal, P. H., & Marques, A. C. (2020). Rediscovering the EKC hypothesis for the 20 highest 

CO2 emitters among OECD countries by level of globalization. International 

Economics, 164, 36–47. https://doi.org/10.1016/j.inteco.2020.07.001 



 102 

Lee, C.-C., & Lee, C.-C. (2022). How does green finance affect green total factor 

productivity? Evidence from China. Energy Economics, 107, 105863. 

https://doi.org/10.1016/j.eneco.2022.105863 

Lee, C.-C., Wang, F., & Lou, R. (2022). Digital financial inclusion and carbon neutrality: 

Evidence from non-linear analysis. Resources Policy, 79, 102974. 

https://doi.org/10.1016/j.resourpol.2022.102974 

Lee, C.-C., Wang, F., Lou, R., & Wang, K. (2023). How does green finance drive the 

decarbonization of the economy? Empirical evidence from China. Renewable Energy, 

204, 671–684. https://doi.org/10.1016/j.renene.2023.01.058 

Li, B., Zhang, J., & Li, H. (2011). Research on spatial-temporal characteristics and affecting 

factors decomposition of agricultural carbon emission in China[in Chinese]. China 

Populution. Resource. Environment, 21(8), 80–86.  

Li, C., & Umair, M. (2023). Does green finance development goals affects renewable energy 

in China? Renewable Energy, 203, 898–905. 

https://doi.org/10.1016/j.renene.2022.12.066 

Li, J., Li, S., Liu, Q., & Ding, J. (2022). Agricultural carbon emission efficiency evaluation 

and influencing factors in Zhejiang province, China. Frontiers in Environmental 

Science, 10, 2208. https://doi.org/10.3389/fenvs.2022.1005251 

Liao, Y., & Zhou, X. (2023). Can digital finance contribute to agricultural carbon reduction? 

Evidence from China. Sustainability, 15(22), 15824. 

https://doi.org/10.3390/su152215824 

Lindner, S., Liu, Z., Guan, D., Geng, Y., & Li, X. (2013). CO2 emissions from China’s power 

sector at the provincial level: Consumption versus production perspectives. Renewable 

and Sustainable Energy Reviews, 19, 164–172. 

https://doi.org/10.1016/j.rser.2012.10.050 

Liu, C., Wang, X., Bai, Z., Wang, H., & Li, C. (2023). Does digital technology application 

promote carbon emission efficiency in dairy farms? Evidence from China. 

Agriculture, 13(4), 904. https://doi.org/10.3390/agriculture13040904 

Liu, D., Zhu, X., & Wang, Y. (2021). China’s agricultural green total factor productivity 

based on carbon emission: An analysis of evolution trend and influencing factors. 

Journal of Cleaner Production, 278, 123692. 

https://doi.org/10.1016/j.jclepro.2020.123692 

Liu, J., & Ren, Y. (2023). Can digital inclusive finance ensure food security while achieving 

low-carbon transformation in agricultural development? Evidence from China. 



 103 

Journal of Cleaner Production, 418, 138016. 

https://doi.org/10.1016/j.jclepro.2023.138016 

Liu, L., Wang, G., & Song, K. (2022). Exploring the role of digital inclusive finance in 

agricultural carbon emissions reduction in China: Insights from a two-way fixed-

effects model. Frontiers in Environmental Economics, 1, 1012346. 

https://doi.org/10.3389/frevc.2022.1012346 

Liu, M., & Yang, L. (2021). Spatial pattern of China’s agricultural carbon emission 

performance. Ecological Indicators, 133, 108345. 

https://doi.org/10.1016/j.ecolind.2021.108345 

Liu, S., & Wang, Y. (2023). Green innovation effect of pilot zones for green finance reform: 

Evidence of quasi natural experiment. Technological Forecasting and Social Change, 

186, 122079. https://doi.org/10.1016/j.techfore.2022.122079 

Liu, Y., Ji, D., Zhang, L., An, J., & Sun, W. (2021). Rural financial development impacts on 

agricultural technology innovation: Evidence from China. International Journal of 

Environmental Research and Public Health, 18(3), 1110. 

https://doi.org/10.3390/ijerph18031110 

Liu, Y., Luan, L., Wu, W., Zhang, Z., & Hsu, Y. (2021). Can digital financial inclusion 

promote China’s economic growth? International Review of Financial Analysis, 78, 

101889. https://doi.org/10.1016/j.irfa.2021.101889 

Liu, Y., & Xia, L. (2022). Evaluating low-carbon economic peer effects of green finance and 

ICT for sustainable development: A Chinese perspective. Environmental Science and 

Pollution Research, 30(11), 30430–30443. https://doi.org/10.1007/s11356-022-24234-

8 

Luo, Y., Long, X., Wu, C., & Zhang, J. (2017). Decoupling CO2 emissions from economic 

growth in agricultural sector across 30 Chinese provinces from 1997 to 2014. Journal 

of Cleaner Production, 159, 220–228. https://doi.org/10.1016/j.jclepro.2017.05.076 

Lv, C., Bian, B., Lee, C.-C., & He, Z. (2021). Regional gap and the trend of green finance 

development in China. Energy Economics, 102, 105476. 

https://doi.org/10.1016/j.eneco.2021.105476 

Ma, S., Li, J., & Wei, W. (2022). The carbon emission reduction effect of digital agriculture 

in China. Environmental Science and Pollution Research, volume number?, 1–18. 

https://doi.org/10.1007/s11356-022-24404-8 

Ma, W., Liu, T., Li, W., & Yang, H. (2023). The role of agricultural machinery in improving 

green grain productivity in China: Towards trans-regional operation and low-carbon 

practices. Heliyon, 9(10). https://doi.org/10.1016/j.heliyon.2023.e20279 



 104 

Mahmood, H., Furqan, M., Hassan, M. S., & Rej, S. (2023). The Environmental Kuznets 

Curve (EKC) hypothesis in China: A Review. Sustainability, 15(7), 6110. 

https://doi.org/10.3390/su15076110 

Martino, R., & Nguyen-Van, P. (2016). Environmental Kuznets curve and environmental 

convergence: A unified empirical framework for CO2 emissions. Bureau d’Économie 

Théorique et Apliquée, Document de Travail, 18. 

Mei, B., Khan, A. A., Khan, S. U., Ali, M. A. S., & Luo, J. (2022). Complementarity or 

substitution: A study of the impacts of internet finance and rural financial 

development on agricultural economic growth. Agriculture, 12(11), 1786. 

https://doi.org/10.3390/agriculture12111786 

Min, J. S., & Hu, H. (2012). Calculation of greenhouse gases emission from agricultural 

production in China[in Chinese]. China Populution. Resource. Environment, 22(7), 

21–27. 

Mngumi, F., Shaorong, S., Shair, F., & Waqas, M. (2022). Does green finance mitigate the 

effects of climate variability: Role of renewable energy investment and infrastructure. 

Environmental Science and Pollution Research, 29(39), 59287–59299. 

https://doi.org/10.1007/s11356-022-19839-y 

Mo, Y., Sun, D., & Zhang, Y. (2023). Green finance assists agricultural sustainable 

development: Evidence from China. Sustainability, 15(3), 2056. 

https://doi.org/10.3390/su15032056 

Mu, L., Wang, Y., & Mao, H. (2023). Does agricultural insurance drive variations in carbon 

emissions in China? Evidence from a quasi-experiment. Polish Journal of 

Environmental Studies, 32(1), 653–665. https://doi.org/10.15244/pjoes/155869 

Muhammad, N., Islam, A. R. M., & Marashdeh, H. A. (2016). Financial development and 

economic growth: An empirical evidence from the GCC countries using static and 

dynamic panel data. Journal of Economics and Finance, 40, 773–791. 

https://doi.org/10.1007/s12197-015-933-9 

Mukalayi, N. M., & Inglesi-Lotz, R. (2023). Digital financial inclusion and energy and 

environment: Global positioning of sub-Saharan African countries. Renewable and 

Sustainable Energy Reviews, 173, 113069. https://doi.org/10.1016/j.rser.2022.113069 

Narcisse, M., Zhang, S., Shahid, M. S., & Shehzad, K. (2023). Investigating the N-shaped 

EKC in China: An imperious role of energy use and health expenditures. Frontiers in 

Environmental Science, 11, 1149507. https://doi.org/10.3389/fenvs.2023.1149507 

Ofori, E. K., Onifade, S. T., Ali, E. B., Alola, A. A., & Zhang, J. (2023). Achieving carbon 

neutrality in post COP26 in BRICS, MINT, and G7 economies: The role of financial 



 105 

development and governance indicators. Journal of Cleaner Production, 387, 135853. 

https://doi.org/10.1016/j.jclepro.2023.135853 

Ortega-Ruiz, G., Mena-Nieto, A., & García-Ramos, J. E. (2020). Is India on the right pathway 

to reduce CO2 emissions? Decomposing an enlarged Kaya identity using the LMDI 

method for the period 1990–2016. Science of the Total Environment, 737, 139638. 

https://doi.org/10.1016/j.scitotenv.2020.139638 

Özokcu, S., & Özdemir, Ö. (2017). Economic growth, energy, and environmental Kuznets 

curve. Renewable and Sustainable Energy Reviews, 72, 639–647. 

https://doi.org/10.1016/j.rser.2017.01.059 

Ozturk, I., & Acaravci, A. (2013). The long-run and causal analysis of energy, growth, 

openness and financial development on carbon emissions in Turkey. Energy 

Economics, 36, 262–267. https://doi.org/10.1016/j.eneco.2012.08.025 

Ozturk, I., & Ullah, S. (2022). Does digital financial inclusion matter for economic growth 

and environmental sustainability in OBRI economies? An empirical analysis. 

Resources, Conservation and Recycling, 185, 106489. 

https://doi.org/10.1016/j.resconrec.2022.106489 

Pan, L. (2022). Integrated development of inclusive finance and green finance promotes rural 

revitalization. Advances in Economics and Management Research, 2(1), 193-208. 

https://doi.org/10.56028/aemr.2.1.193 

Panayotou, T. (1993). Empirical tests and policy analysis of environmental degradation at 

different stages of economic development.ILO,Technology and Employment 

Programme,Geneva."Ecological Economics,1993,36(3):513-531.  

Panayotou, T. (1995). Environmental Degradation at Different Stages of Economic 

Development. In I. Ahmed & J. A. Doeleman (Eds.), Beyond Rio (pp. 13–36). 

Palgrave Macmillan UK. https://doi.org/10.1007/978-1-349-24245-0_2 

Panayotou, T. (1997). Demystifying the environmental Kuznets curve: Turning a black box 

into a policy tool. Environment and Development Economics, 2(4), 465–484. 

https://doi.org/10.1017/S1355770X97000259 

Pata, U. K. (2019). Environmental Kuznets Curve and trade openness in Turkey: Bootstrap 

ARDL approach with a structural break. Environmental Science and Pollution 

Research, 26(20), 20264–20276. https://doi.org/10.1007/s11356-019-05266-z 

Pata, U. K., & Caglar, A. E. (2021). Investigating the EKC hypothesis with renewable energy 

consumption, human capital, globalization and trade openness for China: Evidence 

from augmented ARDL approach with a structural break. Energy, 216, 119220. 

https://doi.org/10.1016/j.energy.2020.119220 



 106 

 

Pata, U. K., Dam, M. M., & Kaya, F. (2023). How effective are renewable energy, tourism, 

trade openness, and foreign direct investment on CO2 emissions? An EKC analysis 

for ASEAN countries. Environmental Science and Pollution Research, 30(6), 14821–

14837. https://doi.org/10.1007/s11356-022-23160-z 

Pata, U. K., Kartal, M. T., Erdogan, S., & Sarkodie, S. A. (2023). The role of renewable and 

nuclear energy R&D expenditures and income on environmental quality in Germany: 

Scrutinizing the EKC and LCC hypotheses with smooth structural changes. Applied 

Energy, 342, 121138. https://doi.org/10.1016/j.apenergy.2023.121138 

Pesaran, M. H. (2007). A simple panel unit root test in the presence of cross-section 

dependence. Journal of Applied Econometrics, 22(2), 265–312. 

https://doi.org/10.1002/jae.951 

Pesaran, M. H. (2021). General diagnostic tests for cross-sectional dependence in panels. 

Empirical Economics, 60(1), 13–50. https://doi.org/10.1007/s00181-020-01875-7 

Qian, H., Zhu, X., Huang, S., Linquist, B., Kuzyakov, Y., Wassmann, R., Minamikawa, K., 

Martinez-Eixarch, M., Yan, X., Zhou, F., Sander, B. O., Zhang, W., Shang, Z., Zou, J., 

Zheng, X., Li, G., Liu, Z., Wang, S., Ding, Y., … Jiang, Y. (2023). Greenhouse gas 

emissions and mitigation in rice agriculture. Nature Reviews Earth and Environment, 

4(10), 716–732. https://doi.org/10.1038/s43017-023-00482-1 

Qin, J., & Cao, J. (2022). Carbon emission reduction effects of green credit policies: 

Empirical evidence From China. Frontiers in Environmental Science, 10, 798072. 

https://doi.org/10.3389/fenvs.2022.798072 

Ren, X., Shao, Q., & Zhong, R. (2020). Nexus between green finance, non-fossil energy use, 

and carbon intensity: Empirical evidence from China based on a vector error 

correction model. Journal of Cleaner Production, 277, 122844. 

https://doi.org/10.1016/j.jclepro.2020.122844 

Sadiq, M., Amayri, M. A., Paramaiah, C., Mai, N. H., Ngo, T. Q., & Phan, T. T. H. (2022). 

How green finance and financial development promote green economic growth: 

Deployment of clean energy sources in South Asia. Environmental Science and 

Pollution Research, 29(43), 65521–65534. https://doi.org/10.1007/s11356-022-19947-

9 

Saeed Meo, M., & Karim, M. Z. A. (2022). The role of green finance in reducing CO2 

emissions: An empirical analysis. Borsa Istanbul Review, 22(1), 169–178. 

https://doi.org/10.1016/j.bir.2021.03.002 



 107 

Said, R., & Acheampong, A. O. (2024). Achieving carbon-neutrality in MENA countries: 

Does financial inclusion matter? The Journal of Environment and Development, 

10704965231225780. https://doi.org/10.1177/10704965231225780 

Saidi, K., & Mbarek, M. B. (2017). The impact of income, trade, urbanization, and financial 

development on CO2 emissions in 19 emerging economies. Environmental Science 

and Pollution Research, 24(14), 12748–12757. https://doi.org/10.1007/s11356-016-

6303-3 

Salazar, J. (1998). Environmental finance: Linking two worlds. A Workshop on Financial 

Innovations for Biodiversity, Bratislava, 1, 2–18. 

Sarkodie, S. A., & Strezov, V. (2019). Effect of foreign direct investments, economic 

development and energy consumption on greenhouse gas emissions in developing 

countries. Science of the Total Environment, 646, 862–871. 

https://doi.org/10.1016/j.scitotenv.2018.07.365 

Sehrawat, M., Giri, A. K., & Mohapatra, G. (2015). The impact of financial development, 

economic growth and energy consumption on environmental degradation: Evidence 

from India. Management of Environmental Quality: An International Journal, 26(5), 

666–682. https://doi.org/10.1108/MEQ-05-2014-0063 

Shafik, N., & Bandyopadhyay, S. (1992). Economic Growth and Environmental Quality: 

Time-Series and Cross-Country Evidence. (Vol. 904). World Bank Publications. 

Shahbaz, M., Shahzad, S. J. H., Ahmad, N., & Alam, S. (2016). Financial development and 

environmental quality: The way forward. Energy Policy, 98, 353–364. 

https://doi.org/10.1016/j.enpol.2016.09.002 

Shahbaz, M., Solarin, S. A., Mahmood, H., & Arouri, M. (2013). Does financial development 

reduce CO2 emissions in Malaysian economy? A time series analysis. Economic 

Modelling, 35, 145–152. https://doi.org/10.1016/j.econmod.2013.06.037 

Shang, J., Yang, G., & Yu, F. (2015). Agricultural greenhouse gases emissions and 

influencing factors in China[in Chinese]. Zhongguo Shengtai Nongye Xuebao/Chinese 

Journal of Eco-Agriculture, 23(3), 354–364. 

Sharif, A., Saqib, N., Dong, K., & Khan, S. A. R. (2022). Nexus between green technology 

innovation, green financing, and CO2 emissions in the G7 countries: The moderating 

role of social globalisation. Sustainable Development. https://doi.org/10.1002/sd.2360 

Shen, Y., Guo, X., & Zhang, X. (2023). Digital financial inclusion, land transfer, and 

agricultural green total factor productivity. Sustainability, 15(8), 6436. 

https://doi.org/10.3390/su15086436 



 108 

Shi, J., Yu, C., Li, Y., & Wang, T. (2022). Does green financial policy affect debt-financing 

cost of heavy-polluting enterprises? An empirical evidence based on Chinese pilot 

zones for green finance reform and innovations. Technological Forecasting and Social 

Change, 179, 121678. https://doi.org/10.1016/j.techfore.2022.121678 

Smith, P., Martino, D., Cai, Z., Gwary, D., Janzen, H., Kumar, P., McCarl, B., Ogle, S., 

O’Mara, F., Rice, C., Scholes, B., Sirotenko, O., Howden, M., McAllister, T., Pan, G., 

Romanenkov, V., Schneider, U., Towprayoon, S., Wattenbach, M., & Smith, J. 

(2008). Greenhouse gas mitigation in agriculture. Philosophical Transactions of the 

Royal Society B: Biological Sciences, 363(1492), 789–813. 

https://doi.org/10.1098/rstb.2007.2184 

Su, L., Wang, Y., & Yu, F. (2023). Analysis of regional differences and spatial spillover 

effects of agricultural carbon emissions in China. Heliyon, 9(6), e16752. 

https://doi.org/10.1016/j.heliyon.2023.e16752 

Sun, H., & Chen, F. (2022). The impact of green finance on China’s regional energy 

consumption structure based on system GMM. Resources Policy, 76, 102588. 

https://doi.org/10.1016/j.resourpol.2022.102588 

Sun, L., Zhu, C., Yuan, S., Yang, L., He, S., & Li, W. (2022). Exploring the impact of digital 

inclusive finance on agricultural carbon emission performance in China. International 

Journal of Environmental Research and Public Health, 19(17), 10922. 

https://doi.org/10.3390/ijerph191710922 

Sun, Y., Ding, G., Li, M., Zhang, M., Agyeman, F. O., & Liu, F. (2023). The spillover effect 

of green finance development on rural revitalization: An empirical analysis based on 

China’s provincial panel data. Environmental Science and Pollution Research, volume 

number? 1–13. https://doi.org/10.1007/s11356-023-26655-5 

Sun, Y., Guan, W., Cao, Y., & Bao, Q. (2022). Role of green finance policy in renewable 

energy deployment for carbon neutrality: Evidence from China. Renewable Energy, 

197, 643–653. https://doi.org/10.1016/j.renene.2022.07.164 

Tamazian, A., & Bhaskara Rao, B. (2010). Do economic, financial and institutional 

developments matter for environmental degradation? Evidence from transitional 

economies. Energy Economics, 32(1), 137–145. 

https://doi.org/10.1016/j.eneco.2009.04.004 

Tamazian, A., Chousa, J. P., & Vadlamannati, K. C. (2009). Does higher economic and 

financial development lead to environmental degradation: Evidence from BRIC 

countries. Energy Policy, 37(1), 246–253. https://doi.org/10.1016/j.enpol.2008.08.025 



 109 

Tay, L.-Y., Tai, H.-T., & Tan, G.-S. (2022). Digital financial inclusion: A gateway to 

sustainable development. Heliyon volume and page numvbers?. 
https://doi.org 10.1016/j.heliyon.2022.e09766 

Tenaw, D., & Beyene, A. D. (2021). Environmental sustainability and economic development 

in sub-Saharan Africa: A modified EKC hypothesis. Renewable and Sustainable 

Energy Reviews, 143, 110897.https://doi.org/10.1016/j.rser.2021.110897  

Thio, E., Tan, M., Li, L., Salman, M., Long, X., Sun, H., & Zhu, B. (2023). Correction to: 

The estimation of influencing factors for carbon emissions based on EKC hypothesis 

and STIRPAT model: Evidence from top 10 countries. Environment, Development 

and Sustainability, 25(1), 995–996.https://doi.org/10.1007/s10668-021-01905-z  

Tian, Y., & Yin, M. H. (2022). Re-evaluation of China’s agricultural carbon emissions: Basic 

status, dynamic evolution and spatial spillover effects[in Chinese]. Chinese Rural 

Economy, 3, 104–127. 

Tian, Y., Zhang, J., & He, Y. (2014). Research on spatial-temporal characteristics and driving 

factor of agricultural carbon emissions in China. Journal of Integrative Agriculture, 

13(6), 1393–1403. https://doi.org/10.1016/S2095-3119(13)60624-3 

Tong, L., Jabbour, C. J. C., Najam, H., & Abbas, J. (2022). Role of environmental 

regulations, green finance, and investment in green technologies in green total factor 

productivity: Empirical evidence from Asian region. Journal of Cleaner Production, 

380, 134930. https://doi.org/10.1016/j.jclepro.2022.134930 

Wang, J., Dong, K., & Ren, X. (2023). Is the spatial impact of digital financial inclusion on 

CO2 emissions real? A spatial fluctuation spillover perspective. Geoscience Frontiers, 

101656. https://doi.org/10.1016/j.gsf.2023.101656  

Wang, X. (2022). Research on the impact mechanism of green finance on the green 

innovation performance of China’s manufacturing industry. Managerial and Decision 

Economics, 43(7), 2678–2703. https://doi.org/10.1002/mde.3554 

Wang, X., Wang, X., Ren, X., & Wen, F. (2022). Can digital financial inclusion affect CO2 

emissions of China at the prefecture level? Evidence from a spatial econometric 

approach. Energy Economics, 109, 105966. 

https://doi.org/10.1016/j.eneco.2022.105966 

Wang, X., Zhang, T., Nathwani, J., Yang, F., & Shao, Q. (2022). Environmental regulation, 

technology innovation, and low carbon development: Revisiting the EKC Hypothesis, 

Porter Hypothesis, and Jevons’ Paradox in China’s iron & steel industry. 

Technological Forecasting and Social Change, 176, 121471. 

https://doi.org/10.1016/j.techfore.2022.121471 

https://doi.org/10.1016/j.heliyon.2022.e09766


 110 

Wang, Z., & Lv, D. (2022). Analysis of agricultural CO2 emissions in Henan Province, 

China, Based on EKC and Decoupling. Sustainability, 14(3), 1931. 

https://doi.org/10.3390/su14031931 

Wei, Y., Li, Y., Wu, M., & Li, Y. (2019). The decomposition of total-factor CO2 emission 

efficiency of 97 contracting countries in Paris Agreement. Energy Economics, 78, 

365–378. https://doi.org/10.1016/j.eneco.2018.11.028 

Wen, C., Zheng, J., Hu, B., & Lin, Q. (2023). Study on the spatiotemporal evolution and 

influencing factors of agricultural carbon emissions in the counties of Zhejiang 

Province. International Journal of Environmental Research and Public Health, 20(1), 

189. https://doi.org/10.3390/ijerph20010189 

Wen, S., Hu, Y., & Liu, H. (2022). Measurement and spatial–temporal characteristics of 

agricultural carbon emission in China: An internal structural perspective. Agriculture, 

12(11), 1749. https://doi.org/10.3390/agriculture12111749 

West, T. O., & Marland, G. (2002). A synthesis of carbon sequestration, carbon emissions, 

and net carbon flux in agriculture: Comparing tillage practices in the United States. 

Agriculture, Ecosystems and Environment, 91(1–3), 217–232. 

https://doi.org/10.1016/S0167-8809(01)00233-X 

Xiang, X., Liu, C., & Yang, M. (2022). Who is financing corporate green innovation? 

International Review of Economics and Finance, 78, 321–337. 

https://doi.org/10.1016/j.iref.2021.12.011 

Xiao, Q., Wang, Y., Liao, H., Han, G., & Liu, Y. (2023). The impact of digital inclusive 

finance on agricultural green total factor productivity: A study based on China’s 

provinces. Sustainability, 15(2), 1192. https://doi.org/10.3390/su15021192 

Xiong, C., Yang, D., Huo, J., & Zhao, Y. (2016). The relationship between agricultural 

carbon emissions and agricultural economic growth and policy recommendations of a 

low-carbon agriculture economy. Polish Journal of Environmental Studies, 25(5). 

https://doi.org/10.15244/pjoes/63038 

Xu, G., Li, J., Schwarz, P. M., Yang, H., & Chang, H. (2022). Rural financial development 

and achieving an agricultural carbon emissions peak: An empirical analysis of Henan 

Province, China. Environment, Development and Sustainability 24,12936-

12962(2022). https://doi.org/10.1007/s10668-021-0197-y 

Xu, P., Koloutsou-Vakakis, S., Rood, M. J., & Luan, S. (2017). Projections of NH3 emissions 

from manure generated by livestock production in China to 2030 under six mitigation 

scenarios. Science of the Total Environment, 607, 78–86. 

https://doi.org/10.1016/j.scitotenv.2017.06.258 



 111 

 

Yan, C., Mao, Z., & Ho, K.-C. (2022). Effect of green financial reform and innovation pilot 

zones on corporate investment efficiency. Energy Economics, 113, 106185. 

https://doi.org/10.1016/j.eneco.2022.106185 

Yang, H., Wang, X., & Bin, P. (2022). Agriculture carbon-emission reduction and changing 

factors behind agricultural eco-efficiency growth in China. Journal of Cleaner 

Production, 334, 130193. https://doi.org/10.1016/j.jclepro.2021.130193 

Yang, Z., Kagawa, S., & Li, J. (2021). Do greenhouse gas emissions drive extreme weather 

conditions at the city level in China? Evidence from spatial effects analysis. Urban 

Climate, 37, 100812. https://doi.org/10.1016/j.uclim.2021.100812 

Yaron, J., & Mundial, B. (1992). Rural Finance in Developing Countries (Vol. 875). World 

Bank Washington. 

https://documents.worldbank.org/curated/en/195271468739197274/pdf/multi-page.pdf 

Yu, C.-H., Wu, X., Zhang, D., Chen, S., & Zhao, J. (2021). Demand for green finance: 

Resolving financing constraints on green innovation in China. Energy Policy, 153, 

112255. https://doi.org/10.1016/j.enpol.2021.112255 

Yu, Z., Jiang, S., Cheshmehzangi, A., Liu, Y., & Deng, X. (2023). Agricultural restructuring 

for reducing carbon emissions from residents’ dietary consumption in China. Journal 

of Cleaner Production,387, 135948. https://doi.org/10.1016/j.jclepro.2023.135948 

Zafeiriou, E., & Azam, M. (2017). CO2 emissions and economic performance in EU 

agriculture: Some evidence from Mediterranean countries. Ecological Indicators, 81, 

104–114. https://doi.org/10.1016/j.ecolind.2017.05.039 

Zhang, C., Zhao, L., Zhang, H., Chen, M., Fang, R., Yao, Y., Zhang, Q., & Wang, Q. (2022). 

Spatial-temporal characteristics of carbon emissions from land use change in Yellow 

River Delta region, China. Ecological Indicators, 136, 108623. 

https://doi.org/10.1016/j.ecolind.2022.108623 

Zhang, D., Mohsin, M., & Taghizadeh-Hesary, F. (2022). Does green finance counteract the 

climate change mitigation: Asymmetric effect of renewable energy investment and 

R&D. Energy Economics, 113, 106183. https://doi.org/10.1016/j.eneco.2022.106183 

Zhang, J., Li, F., & Ding, X. (2022). Will green finance promote green development: Based 

on the threshold effect of R&D investment. Environmental Science and Pollution 

Research, 29(40), 60232–60243. https://doi.org/10.1007/s11356-022-20161-w 

Zhang, L., Pang, J., Chen, X., & Lu, Z. (2019). Carbon emissions, energy consumption and 

economic growth: Evidence from the agricultural sector of China’s main grain-



 112 

producing areas. Science of the Total Environment, 665, 1017–1025. 

https://doi.org/10.1016/j.scitotenv.2019.02.162 

Zhang, M., Zhang, X., Song, Y., & Zhu, J. (2022). Exploring the impact of green credit 

policies on corporate financing costs based on the data of Chinese A-share listed 

companies from 2008 to 2019. Journal of Cleaner Production, 375, 134012. 

https://doi.org/10.1016/j.jclepro.2022.134012 

Zhang, R., Wu, K., Cao, Y., & Sun, H. (2023). Digital inclusive finance and consumption-

based embodied carbon emissions: A dual perspective of consumption and industry 

upgrading. Journal of Environmental Management, 325, 116632. 

https://doi.org/10.1016/j.jenvman.2022.116632 

Zhang, T. (2023). Can green finance policies affect corporate financing? Evidence from 

China’s green finance innovation and reform pilot zones. Journal of Cleaner 

Production, 419, 138289. https://doi.org/10.1016/j.jclepro.2023.138289 

Zhang, Y.-J. (2011). The impact of financial development on carbon emissions: An empirical 

analysis in China. Energy Policy, 39(4), 2197–2203. 

https://doi.org/10.1016/j.enpol.2011.02.026 

Zhao, J., Shahbaz, M., & Dong, K. (2022). How does energy poverty eradication promote 

green growth in China? The role of technological innovation. Technological 

Forecasting and Social Change, 175, 121384. 

https://doi.org/10.1016/j.techfore.2021.121384 

Zhao, J., Taghizadeh-Hesary, F., Dong, K., & Dong, X. (2022). How green growth affects 

carbon emissions in China: The role of green finance. Economic Research-Ekonomska 

Istraživanja, 1–22. https://doi.org/10.1080/1331677X.2022.2142639 

Zhao, L., Rao, X., & Lin, Q. (2023). Study of the impact of digitization on the carbon 

emission intensity of agricultural production in China. Science of The Total 

Environment, 903, 166544. https://doi.org/10.1016/j.scitotenv.2023.166544 

Zheng, H., & Li, X. (2022). The impact of digital financial inclusion on carbon dioxide 

emissions: Empirical evidence from Chinese provinces data. Energy Reports, 8, 9431–

9440. https://doi.org/10.1016/j.egyr.2022.07.050 

Zhou, G., Zhu, J., & Luo, S. (2022). The impact of fintech innovation on green growth in 

China: Mediating effect of green finance. Ecological Economics, 193, 107308. 

https://doi.org/10.1016/j.ecolecon.2021.107308 

Zhu, C., Lin, Y., Zhang, J., Gan, M., Xu, H., Li, W., Yuan, S., & Wang, K. (2021). Exploring 

the relationship between rural transition and agricultural eco-environment using a 



 113 

coupling analysis: A case study of Zhejiang Province, China. Ecological Indicators, 

127, 107733. https://doi.org/10.1016/j.ecolind.2021.107733 

Zhu, Y., & Huo, C. (2022). The impact of agricultural production efficiency on agricultural 

carbon emissions in China. Energies, 15(12), 4464. 

https://doi.org/10.3390/en15124464 

 

 


