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Agriculture has become amain source of greenhouse gas emissions globally, so

limiting agricultural carbon emissions is an important part of achieving carbon

neutrality in China. The reduction of agricultural carbon emissions needs the

support of green credit. This paper explores the spatial effect andmechanism of

green credit on agricultural carbon emissions. Specifically, based on panel data

of 30 Chinese provinces from 2009 to 2019, the relationship between green

credit and agricultural carbon emissions is empirically analyzed using spatial

econometric and mediating effect models. The results show that green credit

has a significant inhibitory effect on agricultural carbon emissions. Meanwhile,

green credit can also limit agricultural carbon emissions in surrounding areas

through spatial spillover effects. Moreover, the study reveals that green credit

can indirectly suppress agricultural carbon emissions by promoting agricultural

green technology innovation. Based on the above conclusions, this paper puts

forward policy recommendations for the development of green credit and the

reduction of agricultural carbon emissions.
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1 Introduction

Climate change is related to the survival and development of human beings, which

has attracted widespread attention from all over the world. China officially proposed a

“dual carbon” goal of peaking carbon dioxide emissions by 2030 and achieving carbon

neutrality by 2060 at the 75th United Nations General Assembly on 22 September

2020. As the world’s largest carbon emitter, China’s realization of the “dual carbon”

goal is critical to mitigating global climate change. At the same time, agriculture has

become an important source of greenhouse gas emissions globally. According to the

Food and Agriculture Organization of the United Nations, greenhouse gas emissions

from agriculture and food production accounted for more than 30% of global

greenhouse gas emissions in 2019. Meanwhile, agriculture is the second largest
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source of greenhouse gas emissions in China, and greenhouse

gas emissions from agricultural production activities account

for about 12.54% of the total global greenhouse gas emissions

(FAOSTAT, 2019). Therefore, how to control the carbon

emissions from agriculture and related sectors has become

the key to China’s realization of the “dual carbon” goal.

Agriculture is greatly influenced by the environment and

climate with significant environmental and climate

externalities, which should be one of the key areas for

green finance support (Ma et al., 2021). As the most

important part of green finance, green credit introduces

environmental risk factors into traditional credit decision-

making (Thompson & Cowton, 2004), which is an effective

way to promote agricultural carbon emission reduction.

Previous studies have shown that green credit has obvious

carbon emission reduction effects. Jiang et al. (2020)

empirically studied the relationship between green credit

on carbon emissions and found that green credit has a

significant negative effect on carbon emissions. In terms of

the mechanism, green credit mainly indirectly restrains

carbon emissions by promoting technological innovation

(Lyu et al., 2022) and optimizing industrial structure (Hu

and Zheng, 2022). However, few studies have explored the

agricultural carbon emission reduction effect of green credit.

So, does green credit limit agricultural carbon emissions? If

there is such an effect, what is the mechanism behind it? Is

there a spatial spillover effect of green credit on agricultural

carbon emissions? Studying the above issues has important

practical significance for exploring the ecological and

environmental effects of green credit and promoting

agricultural carbon emission reduction.

Based on China’s provincial panel data from 2009 to 2019,

this paper measures the intensity of agricultural carbon

emissions and studies the mechanism of green credit

impacting agricultural carbon emissions and empirically

analyzes the impact of green credit on agricultural carbon

emissions from the perspective of spatial spillover effects and

mediation effects. The results show that green credit has a

significant inhibitory effect on agricultural carbon emissions.

Moreover, the impact of green credit on agricultural carbon

emissions has a significant spatial spillover effect. In addition,

green credit can promote agricultural green technology

innovation and indirectly restrain agricultural carbon

emissions.

The main contributions of this paper are as follows.

Firstly, based on the realistic background that agriculture

has become the key to achieving the “dual carbon” goal,

this paper focuses on the agricultural carbon emission

reduction effect of green credit, which is rarely studied in

previous papers and fills the relevant research gaps. Secondly,

this paper uses a spatial econometric model to test the spatial

spillover effect of green credit on agricultural carbon

emissions in terms of research methods. This paper

examines the direct effects and spatial effects of green

credit on agricultural carbon emissions. Finally, this paper

analyzes the mechanism of green credit impacting agricultural

carbon emissions from the perspective of green technology

innovation based on the Porter hypothesis, which is also

lacking in previous studies and enriches the relevant

theories of green credit.

The rest of this paper is organized as follows. Section 2 shows

a literature review. Section 3 introduces the theoretical

framework and research hypotheses. Section 4 details the

research methodology and data. Section 5 presents the

empirical results and discusses them. Section 6 reports the

discussion, conclusion and future researches.

2 Literature review

Along with the rapid economic growth, ecological imbalance,

environmental pollution, and resource shortage are becoming

increasingly serious, hence green credit has become a key force to

promote the coordinated development of economic growth and

environmental protection. Previous studies show that green

credit has a significant contribution to green economic growth

(Guo et al., 2022; Li et al., 2022) and green total factor

productivity (Hu et al., 2022). It can also promote green

technological innovation (Hong et al., 2021; Hu et al., 2021;

Yu et al., 2021) and industrial structure upgrading (Xu et al.,

2018; Li et al., 2020). At the micro level, green credit can

significantly improve the financial performance (Lian et al.,

2022; Xi et al., 2022) and high-quality development (Ding

et al., 2022) of commercial banks, helping to improve the

quality and efficiency of credit services. In addition, green

credit has a clear dual impact on enterprise financing. Liu and

Dong (2022) found that green credit exacerbates the financing

cost of enterprises with high consumption and high pollution

(“two high” enterprises). In contrast, it will play a role in

alleviating financing constraints for green enterprises (Xu and

Li, 2020). Following the development of carbon peaking and

carbon-neutral targets, some scholars have shifted their focus

from the economic effects of green credits to the carbon emission

reduction effects. Jiang et al. (2020) used a dynamic panel data

model to empirically examine the effects of green credits on

carbon emissions and found that green credits have a significant

inhibitory effect on carbon emissions. In terms of the

mechanism, green credit can indirectly suppress carbon

emissions through two paths: promoting technological

innovation (Lyu et al., 2022) and optimizing industrial

structure (Hu and Zheng, 2022). Additionally, Qin and Cao

(2022) used a DIDmodel to evaluate the carbon reduction effects

of green credit policies and showed that green credit could also

reduce carbon emissions. Although the industrial carbon

emission reduction effect of green credit has been confirmed,

there is little research and discussion on the impact of green
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credit on agricultural carbon emissions. Therefore, future

research should pay more attention to the agricultural carbon

emission reduction effect of green credit.

Agriculture, as one of the important sources of carbon

emissions, has attracted more attention in recent years. At

present, the research on agricultural carbon emissions mainly

focuses on three aspects: carbon source measurement, regional

differences, and influencing factors. Li et al. (2011) classified and

measured the carbon sources of agricultural land use. Hu and

Wang (2010) measured the greenhouse gas emissions from

animal husbandry in China. Taking the influence of regional

differences into account, Min and Hu (2012) simultaneously

measured the carbon emissions of China’s planting industry and

animal husbandry, so their calculation results were more

accurate. Some scholars also found significant regional

differences in agricultural carbon emissions. For example,

Tian et al. (2014) and Huang et al. (2019) found that the

agricultural carbon emission intensity in western China is

much higher than that in eastern and central regions. And

some scholars extend the research perspective to the

influencing factors of agricultural carbon emissions. It is

found that agricultural carbon emissions are affected by the

structure of the agricultural industry (He et al., 2018), the

level of agricultural economic development (Pang, 2014), the

progress of agricultural technology (Han et al., 2018), the degree

of agricultural mechanization (Long et al., 2018) and the level of

urbanization (Wu, 2015), etc. Apart from that, in terms of spatial

effects, agricultural carbon emissions also have significant spatial

spillover effects (Chen et al., 2020). However, few studies link

financial development to agricultural carbon emissions. As a new

financial model that considers environmental, social, and

governance factors, green finance has been deeply integrated

with agricultural carbon sequestration and emission reduction,

and its impact needs to be analyzed in depth.

To sum up, there are still many deficiencies in previous

studies. First of all, although some studies have discussed the

impact of green credit on industrial carbon emissions (Lyu et al.,

2022; Qin and Cao, 2022), agricultural carbon emissions have

certain particularities compared to carbon emissions from other

sectors and few studies specifically discuss the effect of green

credit on agricultural carbon emissions reduction. Secondly, in

the current research on agricultural carbon emissions, some

studies are not comprehensive enough in measuring

agricultural carbon emissions, such as only measuring

agricultural material inputs (Wu et al., 2021), which

overlooked many important sources of carbon emissions in

agricultural production. Finally, most studies focus on the

overall effect and ignore the spatial spillover effect of green

credits on carbon emissions, which may lead to biased

estimation results.

3 Theoretical framework and
hypothesis

This study will demonstrate the impact of green credit on

agricultural carbon emissions from three aspects: direct effect,

spatial spillover effect, and indirect effect. Figure 1 depicts our

theoretical framework and research hypotheses.

3.1 Direct effect of green credit on
agricultural carbon emissions

Green credit optimizes the allocation of financial

resources through differentiated credit policies and attracts

more capital to green agriculture. On the one hand, green

credit raises the loan threshold and financing costs of “two

FIGURE 1
The theoretical framework of the green credit on agricultural carbon emissions.
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high” enterprises (Liu et al., 2019; Xu and Li, 2020; Peng et al.,

2022), and also inhibits the scale of investment (Wang et al.,

2019; Yao et al., 2021), which will limit the scale of “two high”

enterprises’ development and force them to transform and

upgrade. On the other hand, green credit increases financial

support for energy-saving and environmental protection-

oriented enterprises, eases financing constraints (Zhou

et al., 2021) through tax preferences, loan preferences, and

broadening financing channels. Green credit can also improve

investment efficiency (Zhang et al., 2022), provide guarantees

for the development of environmental enterprises, and

promote the formation of a green development model.

In addition, the green credit policy which is a national macro

policy transmits the signal of a “developing green economy” to

the outside world. Commercial banks are the main implementers

of green credit. They impose punitive high-interest rates on the

“two high” enterprises (Xu et al., 2018) which will motivate

enterprises to improve their carbon emission reduction

efficiency. As the efficiency of carbon emission reduction

increases, the level of the environmental performance of

enterprises also increases, which will enhance the motivation

for environmental information disclosure and improves the level

of environmental information disclosure (Zhan, 2021). This will

strengthen the environmental responsibility of enterprises,

reduce investment in the “two high” projects, and increase

investment in green projects and pollution control (Zhang

and Zhang, 2017). This mechanism applies to the whole

macro economy as well as agriculture. Therefore, the

following hypothesis is proposed:

Hypothesis 1. Green credit has a direct disincentive effect on

agricultural carbon emissions.

3.2 Spatial spillover effect of green credit
on agricultural carbon emissions

Green finance as an innovative financial model can break

through the limitations of space to achieve cross-regional

operation and promotion. Chen and Chen (2021) found a

significant spatial spillover effect of green finance on

industrial carbon emissions by empirically examining panel

data from 30 Chinese provinces. Huang and Chen (2022)

extended the scope of the study from industrial carbon

emissions to environmental quality indices (including three

indicators of industrial solid waste, industrial wastewater, and

industrial emissions), which also supported the conclusion

that green finance had spatial spillover effects. In addition,

there are also spatial spillover effects of green finance on the

ecological environment (Li and Gan, 2021), energy quality

development (Wang et al., 2021), and green innovation

(Huang et al., 2022). Therefore, we believe that the impact

of green credit as an important component of green finance on

agricultural carbon emissions should also have spatial

spillover effects. This leads to the following hypothesis:

Hypothesis 2. Green credit has spatial spillover effects on

agricultural carbon emissions.

3.3 Indirect effects of green credit on
agricultural carbon emissions

According to Porter’s hypothesis, appropriate environmental

policies can stimulate firms to innovate and thus offset the costs

of environmental regulations (Porter & Van der Linde, 1995). As

a kind of environmental economic policy, green credit can also

stimulate technological innovation and generate an “innovation

compensation” effect. Green credit affects firms’ green

technological innovation in three main ways. Firstly, green

credit improves the accessibility and convenience of credit

financing for energy-efficient and environmentally friendly

enterprises (Wang et al., 2022), which further provides

sufficient financial support for their green technology

innovation. Secondly, green credit adds environmental

protection factors to the loan application conditions, which

promotes enterprises to improve their level of environmental

protection awareness and actively develop green technologies to

achieve active emission reduction (Ji et al., 2021). Thirdly, green

credit can alleviate information asymmetry, and when banks give

green loans to enterprises, they also release important signals to

external investors (He & Liu, 2018), which reduces investors’

information risk and improves investment efficiency, thus

forming a good investment environment for enterprises’ green

technology innovation. At the same time, technological

innovation is believed to reduce agricultural carbon emissions

significantly (Long et al., 2018). Accordingly, this hypothesis is

proposed:

Hypothesis 3. Green credit can promote agricultural green

technology innovation to indirectly limit agricultural carbon

emissions.

4 Methodology and data

4.1 Method

4.1.1 Construction of a weight matrix
The selection of a suitable spatial weight matrix is a

prerequisite and basis for spatial autocorrelation testing and

spatial econometric model regression. To ensure the

robustness of the regression results, both 0–1 and geographic

distance spatial weight matrices are selected for analysis in this

paper. The 0–1 weight matrix (W1) and the geographic distance

weight matrix (W2) are defined as follows:
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Wij � { 0(i � j)
1(i ≠ j) (1)

Wij � { 0(i � j)
1/d2(i ≠ j) (2)

where dij is the distance between the centers of gravity in province

i and province j.

4.1.2 Spatial autocorrelation analysis
According to the first law of geography, there is a certain

dependence on the spatial distribution of anything. And the

closer the distance, the stronger the spatial dependence. The

spatial dependence of each variable should be examined before

applying the spatial econometric model regression. In this paper,

the global Moran index is chosen to test the spatial dependence of

agricultural carbon emission intensity and green credit. The

global Moran’s I index is defined as follows:

I �
∑n
i�1
∑n
j�1
Wij(xi − �x)(xj − �x)
S2∑n

i�1
∑n
j�1
Wij

, S2 � 1
n
∑n
i�1
(xi − �x)2 (3)

where I is the global Moran index value; xi and xj are the average

values of agricultural carbon emission intensity and green credit

in province i and province j, respectively; �x is the average value of

agricultural carbon emission intensity and green credit in all

provinces; Wij is the spatial weight matrix.

To further determine the spatial clustering pattern of

agricultural carbon emission intensity and green credit, this

paper uses the local Moran index to identify the local

autocorrelation characteristics of agricultural carbon emission

intensity and green credit. The local Moran’s I index is defined as

follows:

Ii � (xi − �x)
S2

∑n
j�1
Wij

(xj − �x)
S

(4)

where Ii is the local Moran index value of province i.

4.1.3 Spatial econometric model
To study the direct effect (Hypothesis 1) and spatial spillover

effect (Hypothesis 2) of green credit on agricultural carbon

emissions, the traditional general panel data model is further

extended to a general form of the spatial econometric model by

adding the spatially lagged variables of agricultural carbon

emission intensity, green credit, and other control variables,

the model expression is as follows:

InCIit � α0 + ρ1WijInCIit + α1InGCit + αcXit + θ1WijInGCit

+θcWijXit + μitμit � λWijμit + εit (5)

where lnCIit is the agricultural carbon emission intensity of each

province; lnGCit is the green credit of each province; Xit is a series

of control variables; ρ is the spatial autoregressive coefficient of

agricultural carbon emission intensity; θ1 and θc are the spatially

lagged term coefficients of green credit and other control

variables, respectively; Wij is the spatial weight matrix; λ is the

spatial error coefficient; μit and εit are random error terms.

The general form of spatial econometric models can be

transformed into the corresponding models according to the

different spatial transmission mechanisms. When ρ ≠ 0, θ = 0

and λ = 0, the model will be transformed into a spatial

autoregressive model (SAR); when ρ = 0, θ = 0 and λ ≠ 0,

the model (5) will be transformed into a spatial error model

(SEM); when ρ ≠ 0, θ ≠ 0 and λ = 0, the model (5) will be

transformed into a spatial Durbin model (SDM). A reasonable

selection of spatial econometric models will be made later

based on the statistical test results.

4.1.3 Mediating effect model
To further investigate the mediating effect of green credit on

agricultural carbon emissions (Hypothesis 3). In this paper,

agricultural green technology innovation is taken as the

mediating variable and the mediating effect model is

constructed as follows:

InATit � β0 + ρ2WijInATit + β1InGCit + βcXit + φ1WijInGCit

+ φcWijXit + μit
(6)

InCIit � γ0 + ρ3WijInCIit + γ1InGCit + γ2InATit + δcXit

+ ϕ1WijInGCit + ϕ2WijInATit + ϕcWijXit + μit (7)

where lnATit is the agricultural green technology innovation in

each province; the coefficient α1 in Eq. 5 represents the total effect

of green credit on agricultural carbon emissions; β1*γ2 which is

the product of the coefficient β1 in Eq. 6 and the coefficient γ2 in

Eq. 7 represents the mediating effect; the coefficient γ1 in Eq. 7

represents the direct effect.

4.2 Variable selection

4.2.1 Explained variable
Agricultural carbon intensity is the ratio of agricultural

carbon emissions to total agricultural output, representing the

carbon emissions per unit of growth in agricultural output.

Compared with total agricultural carbon emission or

agricultural carbon emission per capita, agricultural carbon

emission intensity takes into account the scale of the

agricultural economy in each region, and its comparability is

stronger. Therefore, this paper chooses agricultural carbon

emission intensity as the explanatory variable to measure the

level of agricultural carbon emissions in a region, which is

calculated as follows:

CI � E/AGDP (8)
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where CI is agricultural carbon emission intensity (as shown in

Figure 2); E is total agricultural carbon emission; AGDP is total

agricultural output value.

Referring to existing studies, to measure agricultural carbon

emissions more accurately and comprehensively, this paper divides

agricultural carbon emission sources into two major sectors:

FIGURE 2
The spatial and temporal patterns of China’s agricultural carbon emission intensity in 2009, 2014, and 2019.

TABLE 1 Greenhouse gas emission factor of different carbon sources.

Sources Emission
factors

References Sources Emission factors (kg/head·a) References

Enteric
(CH4)

Manure
(CH4)

Manure
(N2O)

Fertilizer (CO2) 0.8956 kg/kg West and Marland
(2002)

Non-
cows

47 1.5 1.37

Pesticide (CO2) 4.9341 kg/kg West and Marland
(2002)

Cow 61 16 1

Agricultural
film (CO2)

5.18 kg/kg Tian et al. (2011) Horse 18 1.64 1.39

Diesel (CO2) 0.5927 kg/kg Donkey 10 0.9 1.39

Cultivated land (CO2) 312.6 kg/ha Wu et al. (2007) Mule 10 0.9 1.39

Irrigation (CO2) 266.48 kg/ha West and Marland
(2002)

Camel 46 1.92 1.39

Rice (CH4) 2.38–65.42 g/m2 Min and Hu (2012) Sheep 5 0.15 1.39

Rice (N2O) 0.24 kg/ha Min and Hu (2012) Goat 5 0.17 0.33

Spring wheat (N2O) 0.40 kg/ha Min and Hu (2012) Pig 1 3.5 0.53

Winter wheat (N2O) 1.75 kg/ha Min and Hu (2012) Rabbit 0.254 0.08 0.02

Soybean (N2O) 2.29 kg/ha Min and Hu (2012) Poultry —— 0.02 0.02

Maize (N2O) 2.532 kg/ha Min and Hu (2012)

Vegetables (N2O) 4.944 kg/ha Min and Hu (2012)

Cotton (N2O) 0.480 kg/ha

Dryland crops (N2O) 0.950 kg/ha Min and Hu (2012)

Note: dryland crops include peanuts, sorghum, grain, and potato.
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plantation and animal husbandry. According to the IPCC, the

formula for calculating agriculture carbon emissions is as follows:

E � ∑n
i�1
Ei � ∑n

i�1
Tiδi (9)

where E is the total agricultural carbon emission; Ei is the

agricultural carbon emission of each carbon source; Ti is the

consumption of each carbon source; δi is the carbon emission

factor of each carbon source (as shown in Table 1).

4.2.2 Explanatory variable
Combing the existing literature, we find that existing

studies mainly measure green credit in four major aspects,

namely, the proportion of green credit, the proportion of loans

for energy conservation and environmental protection

projects, the “bank loans” in industrial pollution control

investments, and the proportion of interest expenses in six

high-energy-consuming industries (Xie and Liu, 2019). The

data on the proportion of green credit and the proportion of

loans for energy conservation and environmental protection

projects are obtained from bank-level statistics (Ji et al., 2021),

which are not consistent with the statistical caliber of this

paper which needs the panel data of 30 provinces in China.

And the data on “bank loans” in industrial pollution control

investments have not been updated since 2010. To sum up,

considering that interest expenditure can reflect the scale of

credit, this paper refers to Lyu et al. (2022) and adopts the

indicator of total interest expenditure of non-six energy-

consuming industries to measure green credit.

4.2.3 Mediating variable
Most studies have measured green technology innovation

from three perspectives: studies from the input perspective

mainly include R&D expenditure and its proportion, the

number of research personnel, etc.; studies from the output

perspective mainly use the number of patent applications and

grants; innovation efficiency is mainly measured by input-

output ratio, data envelopment analysis, and stochastic

Frontier analysis, etc. Considering the availability and

comparability of data, this paper screens agricultural

patents according to the IPC classification numbers of

agricultural and forestry patents in the green patent list

published by WIPO, and finally selects the number of

agricultural green invention patent applications to measure

agricultural green technology innovation.

4.2.4 Control variables
In fact, agricultural carbon emission intensity is also

influenced by a combination of factors. To study the impact

of green credit on agricultural carbon emissions more

comprehensively, control variables that may influence

agricultural carbon emission intensity need to be considered.

The increase in farmers’ income will promote farmers’

input to production factors and thus increase agricultural

carbon emissions (Zhou et al., 2022), so rural income level

(PCDI) is considered. As the increase of farmers’ literacy will

help to understand and use advanced carbon reduction

technologies, thus indirectly promoting carbon reduction in

agriculture (Wu et al., 2021), rural human capital (HUM) is

considered. Crop damage levels (DA) can seriously affect

agricultural carbon emissions because crop damage leads to

significant yield reductions. The proportion of the primary

industry is an important indicator of the level of agricultural

development in a province at the macro level (Han et al.,

2021), and the development of the primary industry can

promote the reduction of carbon emissions per unit of

agricultural output value, so industrial structure (STR) is

considered. Urbanization makes the migration of rural

employment intensify the outflow of agricultural labor, and

the construction of urbanized urban areas reduces the space

and scale of agricultural production, thus reducing

agricultural carbon emissions (Wu, 2015), so the

urbanization level (UL) is considered. The specific

description of each variable is shown in Table 2.

4.3 Data sources

This paper uses panel data from 30 provinces in China

from 2009 to 2019. The data is mainly from the China

Industrial Statistical Yearbook, China Economic Census

Yearbook, China Rural Statistical Yearbook, China

Agricultural Statistical Yearbook, China Agricultural

Statistics, China Animal Husbandry Yearbook, China

Statistical Yearbook, statistical yearbooks of Chinese

provinces (cities, districts), and China Intellectual Property

Office. Economic variables such as agricultural output value

and disposable income of rural residents are all based on

2009 and are deflated by corresponding price indices. For the

missing values of some variables in individual years, the

interpolation method is used to fill them. In addition, to

alleviate the influence of heteroscedasticity, the explained

variable and other partial variable data are processed

logarithmically before the empirical analysis. All of the

regressions are performed in Stata15.0. The results of

descriptive statistics for each variable are shown in Table 3.

5 Results and discussion

5.1 Spatial autocorrelation test

The global Moran’s I of agricultural carbon emission

intensity and green credit for each province from 2009 to

2019 are calculated based on Eqn. 3, and the results are
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shown in Tables 4, 5. The results show that agricultural carbon

emission intensity and green credit have a significant positive

spatial correlation both under the 0–1 weight matrix (W1) and

under the geographic distance weight matrix (W2). Therefore, it

is more accurate to use spatial econometric models to explore the

effects of green credits on agricultural carbon emissions

compared with ordinary panel data models.

To further analyze the spatial clustering patterns of

agricultural carbon emission intensity and green credit in each

province, the local Moran indexes of agricultural carbon

emission intensity and green credit in each province of China

from 2009 to 2019 are calculated based on Eq. 4, and the local

Moran scatter plots of agricultural carbon emission intensity and

green credit are drawn accordingly. Considering the space

limitation, this paper only reports the results for 3 years 2009,

2014, and 2019 under the geographic distance weight matrix

(W2). As shown in Figure 3, the local Moran scatter points of

each province are mostly distributed in the first and third

quadrants, which indicates again that agricultural carbon

emission intensity and green credit have a strong positive

spatial correlation in local space.

TABLE 2 Variable description and explanation.

Variable Symbol Description

Explained variable CI Agricultural carbon emissions/Total agricultural output

Explanatory variable GC Interest expenses of industrial industries—Interest expenses of six energy-consuming industries

Mediating variable AT Number of patent applications for agricultural green technology inventions

Control variables PCDI Per capita disposable income of rural residents

HUM Average years of schooling for the rural population

DA Crop damage area

STR Primary industry value-added ratio

UL Urban population/Total population

Notes: total agricultural output is the sum of agricultural and pastoral output.

TABLE 3 Descriptive statistics results.

Variable Obs Mean SD Min Max

CI 330 0.492 0.349 0.158 2.877

GC 330 191.550 203.888 4.950 1,022.330

AT 330 176.621 256.538 0.000 1,612.000

PCDI 330 6,458.471 2,852.704 2,169.720 17,826.360

HUM 330 7.809 0.582 6.119 9.838

DA 330 923.426 908.604 2.500 7,394.000

STR 330 0.099 0.052 0.003 0.277

UL 330 0.564 0.127 0.299 0.896

TABLE 4 Global Moran’s I of agricultural carbon emission intensity from 2009 to 2019.

Year W1 W2

Moran’s I Z-value p-value Moran’s I Z-value p-value

2009 0.294 2.860 0.002 0.310 3.866 0.000

2010 0.256 2.515 0.006 0.291 3.627 0.000

2011 0.220 2.160 0.015 0.255 3.169 0.001

2012 0.211 2.080 0.019 0.248 3.081 0.001

2013 0.116 1.361 0.087 0.142 2.062 0.020

2014 0.468 4.118 0.000 0.443 5.045 0.000

2015 0.257 2.487 0.006 0.278 3.438 0.000

2016 0.249 2.413 0.008 0.257 3.198 0.001

2017 0.191 1.902 0.029 0.234 2.918 0.002

2018 0.208 2.019 0.022 0.252 3.070 0.001

2019 0.229 2.178 0.015 0.252 3.050 0.001
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5.2 Statistical tests for model selection

A reasonable selection of spatial econometric models is

needed to study the effect of green credit on agricultural

carbon emissions. In this paper, the spatial econometric

models will be tested and selected in three steps.

Firstly, LM tests are conducted to regress the sample data

using a mixed-effects OLS model. The LM-Lag, robust LM-Lag,

TABLE 5 Global Moran’s I for green credit 2009 to 2019.

Year W1 W2

Moran’s I Z-value p-value Moran’s I Z-value p-value

2009 0.299 2.708 0.003 0.291 3.400 0.000

2010 0.232 2.170 0.015 0.246 2.940 0.002

2011 0.249 2.318 0.010 0.288 3.405 0.000

2012 0.198 1.905 0.028 0.255 3.053 0.001

2013 0.173 1.705 0.044 0.242 2.925 0.002

2014 0.180 1.761 0.039 0.252 3.036 0.001

2015 0.191 1.867 0.031 0.246 2.983 0.001

2016 0.166 1.651 0.049 0.247 2.994 0.001

2017 0.153 1.523 0.064 0.151 1.945 0.026

2018 0.160 1.581 0.057 0.223 2.694 0.004

2019 0.100 1.099 0.136 0.202 2.488 0.006

FIGURE 3
Moran scatter plot of agricultural carbon intensity and green credit in 2009, 2014, and 2019.
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LM-Error, and robust LM-Error tests are used to determine the

type of spatial transmission mechanism. Then the corresponding

spatial econometric model is selected. Table 6 reports the LM test

results, and all four LM tests under the 0–1 weight matrix (W1)

passed the 10% significance level test, indicating that the SDM

model should be selected for analysis. In contrast, the robust LM-

Lag test under the geographic distance weight matrix (W2) failed

the significance test, indicating that the SEM model should be

selected for the analysis.

Secondly, to ensure the robustness of the results, both SEM

and SDMmodels are used in this paper for comparative analysis.

Based on the Hausman test results (as shown in Table 7), all

models rejected the original hypothesis of choosing the random-

effects model at the 5% significance level, so the fixed-effects

model should be chosen. Further, by comparing the fitting effects

of the three models of individual fixed effects, time fixed effects,

and two-way fixed effects, the time fixed effects model should be

selected. Meanwhile, the AIC and BIC values of the SDM model

are smaller compared with the SEM model, indicating that the

SDMmodel has a better fitting effect. Therefore, the SDMmodel

with time-fixed effects is more suitable to be selected.

Finally, the LR and Wald tests are performed to determine

whether the SDM model could be an SEM model. According to

Table 7, it can be seen that the LR and Wald tests passed the 1%

significance level test under both spatial weight matrices,

indicating that the SDM model cannot degrade into an SEM

model. In summary, the SDM model with time-fixed effects is

finally chosen to explore the impact of green credit on

agricultural carbon emissions, and the regression results are

analyzed mainly with the geographic distance weight

matrix (W2).

5.3 Spatial panel model regression analysis
and spillover effect decomposition

Table 7 reports the regression results of the OLS, SEM, and

SDM models. The results show that the coefficients of green

credit are negative in all five models, and all of them pass the

1% significance level test, indicating that higher levels of green

credit can significantly limit agricultural carbon emissions.

Therefore, Hypothesis 1 is supported. From column (5), the

coefficient of the spatial lag term of green credit is −0.169 and

passes the significance level test of 10%, which indicates that

green credit has a significant spatial spillover effect. So, green

credit in one province of China also has a significant

inhibitory effect on agricultural carbon emissions in its

neighboring provinces.

TABLE 6 LM test results.

Test W1 W2

Statistic p-value Statistic p-value

LM-Lag 9.469 0.002 13.870 0.000

R-LM-Lag 3.395 0.065 0.062 0.804

LM-Error 52.154 0.000 54.174 0.000

R-LM-Error 46.080 0.000 40.365 0.000

TABLE 7 Spatial econometric model regression results.

Variable W1 W2

OLS (1) SEM(2) SDM(3) SEM(4) SDM(5)

ln GC −0.319*** −0.344*** −0.416*** −0.336*** −0.371***

(0.037) (0.036) (0.036) (0.036) (0.035)

ln PCDI 0.603*** 0.747*** 0.868*** 0.661*** 1.165***

(0.125) (0.195) (0.213) (0.184) (0.207)

ln HUM −2.193*** −1.974*** −1.330*** −2.119*** −1.646***

(0.436) (0.367) (0.388) (0.354) (0.348)

ln DA 0.092*** 0.103*** 0.122*** 0.091*** 0.092***

(0.023) (0.023) (0.023) (0.022) (0.021)

STR −3.988*** −3.993*** −4.240*** −3.395*** −4.114***

(0.666) (0.670) (0.657) (0.683) (0.661)

UL −1.747*** −1.865*** −2.108*** −1.442*** −2.674***

(0.487) (0.523) (0.519) (0.487) (0.507)

W*ln GC −0.118 −0.169*

(0.082) (0.100)

W*ln PCDI 1.191*** 1.157**

(0.408) (0.522)

W*ln HUM 0.359 2.889***

(0.849) (0.956)

W*ln DA 0.032 0.095**

(0.043) (0.047)

W*STR −5.473*** −6.388***

(1.504) (1.656)

W*UL −4.826*** −6.181***

(1.104) (1.427)

cons 0.732

(1.267)

Rho/Lambda 0.317*** 0.259*** 0.486*** 0.363***

(0.079) (0.078) (0.079) (0.089)

Sigma2_e 0.111*** 0.098*** 0.104*** 0.092***

(0.009) (0.008) (0.008) (0.007)

R-square 0.428 0.422 0.305 0.419 0.236

Log-L −109.446 −87.873 −102.356 −78.569

Hausman 25.230*** 37.290*** 18.760*** 64.370***

LR 43.150*** 47.570***

Wald 44.980*** 50.730***

AIC 234.9 203.7 220.7 185.1

BIC 265.3 256.9 251.1 238.3

Note: ***, **, and * indicate the significance levels of 1%, 5%, and 10%, respectively;

Standard errors are shown in parentheses.
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However, the regression results of the SDM model do not

directly reflect the extent of the impact of green credit on

agricultural carbon emissions. This paper draws on LeSage

and Pace (2009) and decomposes the regression coefficients of

green credit on agricultural carbon emissions into direct effect,

indirect effect (spatial spillover effect), and total effect by using

the partial differencing method. The direct effect represents the

impact of green credit on agricultural carbon emissions in a

province; the indirect effect represents the impact of green credit

on agricultural carbon emissions in neighboring provinces; the

total effect represents the sum of the direct effect and the indirect

effect.

As shown in Table 8, the direct, indirect, and total effects of

green credits under two different spatial weights are all

significantly negative at the 1% significance level, indicating

that green credits not only reduce agricultural carbon

emissions in the province but also suppress agricultural

carbon emissions in neighboring provinces. Therefore, the

spatial spillover effects are significant which verifies

Hypothesis 2. Compared with the regression coefficients of

the OLS model, the direct effect of green credit on agricultural

carbon emissions is larger in the SDM model, which indicates to

some extent that the suppressive effect of green credit on

agricultural carbon emissions would be underestimated if the

spatial effect is ignored.

Among the control variables, all three effects of rural income

level (PCDI) on agricultural carbon emissions are positive and

pass the significance test, which is consistent with the expected

hypothesis. The direct effect of rural human capital (HUM) is

significantly negative, which is consistent with the expected

hypothesis, while the indirect and total effects of rural human

capital (HUM) are positive. The probable reason might be that

human capital is more restricted by local policies and institutions,

which makes it difficult to move across provinces. All three

effects of crop damage level (DA) are significantly negative,

TABLE 8 Spatial effect decomposition results.

Variable W1 W2

Direct effect Indirect effect Total effect Direct effect Indirect effect Total effect

ln GC −0.430*** −0.294*** −0.724*** −0.393*** −0.468*** −0.861***

(0.038) (0.106) (0.123) (0.037) (0.174) (0.189)

ln PCDI 0.954*** 1.833*** 2.786*** 1.268*** 2.392*** 3.660***

(0.214) (0.487) (0.557) (0.207) (0.798) (0.856)

ln HUM −1.289*** 0.098 −1.190 −1.438*** 3.648** 2.210

(0.382) (1.052) (1.173) (0.342) (1.587) (1.688)

ln DA 0.125*** 0.084 0.209*** 0.101*** 0.201** 0.302***

(0.023) (0.052) (0.056) (0.021) (0.081) (0.085)

STR −4.688*** −8.617*** −13.300*** −4.688*** −12.200*** −16.890***

(0.700) (2.158) (2.490) (0.670) (2.805) (2.985)

UL −2.461*** −7.010*** −9.471*** −3.175*** −10.910*** −14.090***

(0.536) (1.501) (1.787) (0.527) (2.392) (2.672)

Note: ***, **, and * indicate the significance levels of 1%, 5%, and 10%, respectively; Standard errors are shown in parentheses.

TABLE 9 Mediating effects results.

Variable ln CI ln AT ln CI

(1) (2) (3)

ln GC −0.371*** 0.862*** −0.246***

(0.035) (0.081) (0.038)

ln AT −0.141***

(0.022)

ln PCDI 1.165*** −0.144 1.002***

(0.207) (0.482) (0.197)

ln HUM −1.646*** 2.736*** −0.988***

(0.348) (0.824) (0.342)

ln DA 0.092*** −0.122** 0.099***

(0.021) (0.051) (0.021)

STR −4.114*** 4.384*** −3.469***

(0.661) (1.535) (0.623)

UL −2.674*** −0.131 −2.214***

(0.507) (1.182) (0.492)

Spatial lag variable Yes Yes Yes

Rho 0.363*** 0.129 0.392***

(0.089) (0.100) (0.085)

Sigma2_e 0.092*** 0.505*** 0.080***

(0.007) (0.040) (0.006)

R-square 0.236 0.556 0.234

Log-L −78.569 −355.506 −55.565

Note: ***, **, and * indicate the significance levels of 1%, 5%, and 10%, respectively;

Standard errors are shown in parentheses.
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which may be explained by the relatively stable carbon source of

crops, the decrease in agricultural output due to damage, and the

increase in agricultural carbon emissions per unit of output value

(Wu et al., 2021). The direct effect, indirect effect, and the total

effect of industrial structure (STR) and urbanization level (UL)

on agricultural carbon emissions are all significantly negative,

which is also consistent with the expected hypothesis.

5.4 Mediating effect analysis

According to the previous theoretical analysis, green credit

can exert a green technological innovation effect and indirectly

suppress agricultural carbon emissions by improving agricultural

green technological innovation. To test Hypothesis 3 and

investigate the mechanism of the effect of green credit on

agricultural carbon emissions, this paper tests it by

constructing a mediating effect model.

Table 9 reports the regression results of the mediated effects

model. In the first step, the regression coefficient of green credit on

agricultural carbon emissions in column (1) is significantly negative

and should be further tested. In the second step, the regression

coefficient of green credit on agricultural green technology

innovation in column (2) is 0.862 and passes the 1% significance

level test, indicating that green credit has a significant contribution to

agricultural green technology innovation. In the third step, the

regression coefficients of −0.246 and −0.141 for green credit and

agricultural green technology innovation in column (3) are both

significantly negative, indicating that both green credit and

agricultural green technology innovation can significantly

suppress agricultural carbon emissions. Therefore, Agricultural

green technology innovation plays an intermediary role between

green credit and agricultural carbon emissions. The value of the

mediating effect is −0.122 (0.862* −0.141), which accounts for

32.88% [(−0.122/−0.371)*100%] of the total effect, indicating that

there is a “green credit → agricultural green technology innovation

→ agricultural carbon emissions” transmission mechanism in the

process of green credit’s impact on agricultural carbon emissions.

Therefore, Hypothesis 3 is verified.

6 Discussion, conclusion, and future
research

Based on the panel data of 30 provinces in China from

2009 to 2019, this study measures the intensity of agricultural

carbon emissions in each province. Then, this paper

empirically investigated the impact of green credit on

agricultural carbon emissions, the spatial spillover effect,

and its mechanism of action using spatial econometric and

mediating effect models. The main conclusions are as follows.

Firstly, green credit has a significant inhibitory effect on

agricultural carbon emissions. Previous studies have

demonstrated the negative impact of green credit on

industrial carbon emissions (Jiang et al., 2020; Hu and

Zheng, 2022; You et al., 2022). However, few studies have

explored the effect of green credit on agricultural carbon

emissions reduction, and our study fills this gap. Secondly,

the inhibitory effect of green credit on agricultural carbon

emissions has a spatial spillover effect. This finding also

confirms the conclusion that green finance has a spatial

spillover effect on carbon emissions (Chen and Chen,

2021). Thirdly, green credit can indirectly limit agricultural

carbon emissions by promoting agricultural green technology

innovation. This finding is consistent with previous research

conclusions (Li et al., 2022; Lyu et al., 2022), which proposed

that green credit could not only directly suppress carbon

emissions, but also promote low-carbon technological

innovation to indirectly reduce carbon emissions. This

study highlights the important role of green technology

innovation in agricultural carbon emission reduction and

enriches the theoretical mechanism of agricultural carbon

emission reduction effects of green credit.

Based on the above findings, this study proposes the

following suggestions. First of all, green credit can effectively

curb agricultural carbon emissions, so the local government

should provide more support for green credit policies and

improve the development level and utilization efficiency of

green credit. On the one hand, we should implement the

“innovation-driven development strategy” to increase the scale

of investment in green credit and improve the development level

of green credit in the region. On the other hand, we should also

introduce more local or foreign talents to improve the

management of green credit and the efficiency of green credit

utilization. Secondly, as green credit has a significant spatial

spillover effect on agricultural carbon emissions, we should

strengthen the cross-regional promotion and cooperation of

green credit. Then we can give full play to the diffusion effect

of green credit agricultural carbon emission reduction and reduce

agricultural carbon emissions. Finally, green credit can indirectly

limit agricultural carbon emissions by promoting agricultural

green technology innovation, so we should build an incentive

system for agricultural green technology innovation. We also

need to guide green credit funds to support high-tech agricultural

enterprises. It is necessary to increase the financial investment in

technology research and development of agricultural carbon

sequestration and emission reduction.

Although this study has figured out the spatial effect and

mechanism of green credit on agricultural carbon emissions,

there are still some limitations. Firstly, we only study the impact

of green credit which is only one instrument of green finance on

agricultural carbon emissions. In fact, green finance has

developed quickly in recent years and has involved various

financial instruments such as green securities, green

investment, green insurance, and carbon finance. We will

build a comprehensive index of green finance and figure out
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its impact on agricultural carbon emissions in the future.

Secondly, we will compare the effects of green credit and

other green financial instruments on agricultural carbon

emissions. Thirdly, due to data limitations, the agricultural

carbon emissions data in this study are provincial-level data,

we will further explore the impact of green finance on agricultural

carbon emissions at the prefecture level in the future.
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