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Abstract

Reducing agricultural carbon emissions is an important component of China’s efforts to
achieve its carbon peaking and carbon neutrality goals. As an important policy oriented
financial instrument, green credit can facilitate lower agricultural carbon intensity by direct-
ing resources more efficiently across regions and encouraging low carbon transformation
in agriculture. Using panel data for 30 Chinese provinces from 2005 to 2022, this study
measures agricultural carbon emission intensity (ACEI) from six sources. It then examines
the spatial spillover effects, transmission channels, and nonlinear characteristics associated
with green credit by using a spatial Durbin framework, mediation analysis, and panel
threshold model. The results indicate that: (1) green credit development is significantly
associated with lower ACEI; (2) green credit exhibits significant spatial spillover effect,
being associated with lower ACEI both within a province and in neighboring provinces;
(3) green credit exhibits marked regional heterogeneity in its impact on ACEI: it shows
both direct and spillover effects in the eastern region, only spillover effects in the central
region, and only direct effects without effective diffusion in the western region; (4) green
credit is associated with lower ACEI through industrial structure upgrading and lowering
agricultural energy consumption intensity; (5) green credit has a single threshold effect
on ACEI based on its own development level. After crossing the threshold, the emission
intensity reduction effect weakens but remains significant. These results offer empirical
evidence for refining green credit arrangements and advancing coordinated agricultural
emission reduction across regions.

Keywords: green credit; agricultural carbon emission intensity; spatial spillover effect;
mediating effect; threshold effect

1. Introduction
Global ecological crises driven by climate change continue to intensify, with the rate

of sea level rise having doubled [1] and a growing frequency of extreme weather events
posing a serious threat to ecological balance worldwide [2]. Implementing the UN 2030
Agenda for Sustainable Development is critical to mitigating the climate crisis, as its key
Sustainable Development Goals (SDGs), namely Zero Hunger (SDG2) and Climate Action
(SDG13), are closely interconnected. Agriculture is not only the foundation of global food
security but also a major source of greenhouse emissions, accounting for about 25% of
global carbon emissions. Consequently, agricultural carbon emissions have become a
central issue in global climate governance [3]. China bears the responsibility of ensuring
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food security for a population of 1.4 billion, while its agricultural carbon emissions account
for one quarter of global total [4]. Some regions have continued to rely on an extensive
production model characterized by high pollution and high energy consumption, which
runs counter to the strategic goals of the carbon peaking and carbon neutrality (CPCN).
Accordingly, promoting the low carbon transformation of agriculture is now an urgent
requirement for achieving high quality advancement in China’s agricultural sector [5].

At present, the world is advancing carbon emission reduction in a coordinated manner,
while China is steadily pursuing its CPCN goals. In this process, green credit, as a core
component of the green finance system, serves not only as an important financial instrument
for implementing environmental regulation, but also as a key driver for enhancing the
allocation of resources, supporting the regional diffusion and adoption of low carbon
agricultural technologies [6,7]. Existing studies have confirmed the many functions of
green credit, with primary focus on its carbon reduction effect [8] and resource allocation
function [9]. Using a mediation effects model, Lyu et al. (2022) empirically demonstrated
that green credit can significantly curb carbon emissions and serves as an important
financial instrument for achieving global carbon reduction goals [10]. Jiang et al. (2025)
further pointed out that green credit mainly contributes to carbon reduction by promoting
industrial restructuring and reducing energy consumption [11]. Fan and Xu (2025) found
that green credit policies significantly enhance both the quantity and quality of green
innovation, although the promotion efficiency varies with firm size and the amount of
available capital [12]. Yi et al. (2025) found green finance to be instrumental in promoting
sustainable rural development [13]. Guo et al. (2022) also provided evidence that a more
developed green finance system is associated with lower agricultural carbon emissions [14].

However, existing studies have mainly focused on the macro level impacts of green
credit on carbon reduction, green resource allocation, green innovation, and industrial
structure upgrading. Even so, there are still three aspects that remain to be further deepened
and expanded in the current literature. First, the current body of research has not given
adequate consideration to the cross regional spatial spillover effects of agricultural green
credit, particularly in the absence of a spatial weight matrix that reflects the diffusion of
agricultural green technologies. Second, the transmission mechanisms through which
green credit affects agricultural carbon emissions have yet to be fully explored. Third, most
studies assume a linear relationship, overlooking possible nonlinear threshold effects across
different development stages, which limits the policy relevance of the findings.

Against this backdrop, this study uses provincial panel data from China spanning 2005
to 2022 to examine the spatial spillover effects and channels linking provincial green credit
development to agricultural carbon emission intensity (ACEI). The main contributions of
this paper are as follows: (1) This study examines the impact of green credit on ACEI from
a spatial spillover perspective, identifying both local emission reduction and cross-regional
spillover effects. A green technology geographic composite distance matrix is constructed
to better capture spatial dependence. (2) This study identifies two transmission channels
through which green credit reduces ACEI, by lowering agricultural energy consumption
intensity and promoting industrial structure upgrading, thereby revealing the mechanism
by which financial instruments support the low-carbon transition of agriculture. (3) This
study reveals a single threshold in the emission reduction effects of green credit. It also
confirms that, as green credit develops further, these effects show diminishing marginal
returns, thus adding to the emerging literature on nonlinear effects, while the existing
research has still largely emphasized linear relationships. (4) This study further examines
regional heterogeneity across eastern, central, and western China, revealing significant
differences in the direct and spillover effects of green credit across regions and providing
empirical evidence for differentiated green credit policies.
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2. Theoretical Hypotheses
During the 1990s, Porter and Linde advanced the Porter Hypothesis, arguing that

well-designed environmental regulations may motivate firms to accelerate green tech-
nological innovation and consequently enhance productivity. Firms can enhance their
market competitiveness by leveraging the advantages of green products and pricing. The
resulting additional gains can offset the higher costs imposed by environmental regula-
tion, improve profitability, and ultimately achieve a mutually beneficial outcome between
environmental protection and economic development [15]. Green credit (GC), as an effec-
tive environmental policy instrument, can internalize environmental risks and emission
reduction responsibilities into corporate costs through differentiated credit policies [16,17],
accordingly creating an effective incentive and restraint mechanism that guides agricultural
operators to increase investment in low carbon technology research and cleaner production,
and to accelerate green transformation and technological upgrading [18]. Under this mech-
anism, green credit may discourage high carbon production behavior at the provincial level,
promote the transition of agricultural production toward low carbon and more efficient
models, and thereby substantially reduce agricultural carbon emissions.

The Environmental Kuznets Curve (EKC) hypothesis suggests that there is a signifi-
cant inverted U-shaped relationship between economic development and environmental
pollution. In the early stages of economic development, industrialization and urbaniza-
tion advance, social production is dominated by resource-intensive and energy-intensive
patterns, leading to a continuous increase in environmental pollution and potentially irre-
versible ecological damage [19]. Green credit can optimize resource allocation by guiding
funds from high pollution, high emission sectors toward low carbon technologies, clean
production, and green transition projects. By reducing pollutant and carbon emissions at
the source, green credit helps flatten the peak of the EKC, promotes balanced economic
and environmental progress, and ultimately advances agricultural carbon reduction and
sustainable development [20,21].

Overall, as a crucial policy-oriented financial mechanism, green credit not only incen-
tivizes firms to promote green innovation under effective environmental regulation but also
strengthens their productivity and economic returns. On the other hand, by directing agri-
cultural resources toward low carbon sectors, green credit can bring forward the turning
point of the inverted U-shaped curve linking agricultural carbon emissions and agricultural
economic development, sequentially achieving the goal of reducing agricultural carbon
emissions in tandem with economic growth ahead of schedule. This will facilitate the green
transformation of agriculture and help balance economic development with environmental
protection [22–24].

Accordingly, the first hypothesis is formulated as follows:

Hypothesis 1. Green credit generates a significant spillover impact on carbon emission intensity
in agriculture.

Specifically, an increase in green credit in one region not only reduces local agricultural
carbon emissions but also significantly lowers agricultural carbon emissions in neighboring
regions and related regions through geographic proximity and technological connection.

Energy consumption constitutes the main source of carbon emissions, and its intensity
largely determines the magnitude of such emissions [25]. Meanwhile, optimizing capital
allocation is an important means of regulating energy consumption intensity [26,27]. Fol-
lowing this logic, Luo et al. (2023) showed that green credit can generate energy-saving
effects and form a synergistic mechanism with pollution decreasing and carbon emission re-
duction [28]. Through differentiated credit policies for different types of enterprises, green
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policies impose financing constraints on high energy consuming agricultural production
activities while expanding credit support for energy-saving agricultural technologies and
green low carbon projects. This helps guide agricultural activities away from fossil fuel
dependence, enhances energy efficiency, and finally reduces the intensity of agricultural
energy consumption [29].

Existing studies based on China’s provincial panel data further indicate that green
finance can improve energy efficiency by promoting energy structure transformation, and
these effects are also present in traditional sectors such as agriculture [9,20,28]. In addition,
Zhang et al. (2022) [30] find that carbon pricing policies are superior to traditional fuel
efficiency improvement projects in terms of implementation robustness and long-term
incentive effects. Furthermore, tailoring differentiated low carbon policies based on the
regional distribution of power plant efficiency facilitates the targeted rollout of these
measures [30]. In summary, as a market-based policy that shares similarities with carbon
pricing policies, green credit can effectively encourage energy-intensive enterprises to
upgrade their technologies and reduce energy consumption per unit of output. Lower
agricultural energy intensity, in turn, leads to lower energy use and carbon release per unit
of economic activity.

Accordingly, Hypothesis 2 is proposed:

Hypothesis 2. Green credit reduces agricultural carbon emission intensity through agricultural
energy intensity.

Green finance plays an important role in driving industrial upgrading [31], with in-
dustrial upgrading acting as an important mediating channel through which green finance
affects carbon emissions performance. Industrial upgrading can drive the transition of
production methods toward low carbon and high efficiency models, sequentially contribut-
ing to carbon emission reduction [32,33]. As a core tool of green finance, green credit
optimizes and upgrades industrial structures through the targeted allocation of credit
resources, driving the transition toward greener and more advanced industrial structures,
and has emerged as a key force in guiding industries toward low carbon and high efficiency
development [34].

Existing empirical studies provide strong support for the role of industrial restructur-
ing as an important channel through which green credit reduces carbon emissions. Based
on data from 30 provinces and regions in China, Li et al. (2025) demonstrate that green
credit greatly curbs regional carbon emissions by promoting industrial restructuring [35].
Examining spatial effects, Dong et al. (2022) further find that industrial restructuring effec-
tively reduces carbon intensity, and that green credit enhances this process, thus generating
cross-regional synergies in emission reduction [31]. Moreover, Mo et al. (2023) suggest that
industrial restructuring reduces dependence on energy-intensive industries and fosters
the adoption of green technologies in agriculture, which in turn lowers emissions from
agricultural production and promotes green agricultural development [7].

On this basis, this study puts forward Hypothesis 3:

Hypothesis 3. Green credit affects agricultural carbon emission intensity through industrial
restructuring.

Green credit is a key driver of agricultural carbon reduction, but its effect may follow
a threshold pattern rather than a simple linear relationship, depending on its own level of
development. Kong et al. (2024) confirm the existence of such a threshold effect [36]. Chang
et al. (2022) show that below the first threshold, green credit can still effectively support
green technology research and development and low carbon production innovation, thereby
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alleviating financing constraints on agriculture’s green transition and promoting emission
reduction [37]. Lv et al. (2023) reported that green finance exerts a double threshold effect
on reducing agricultural non-point source pollution, and that this mitigation effect becomes
stronger as green finance develops further [38].

He et al. (2019) find that green credit has a threshold effect on the relationship between
renewable energy investment and the green economic development index, dividing this
impact into three stages: promotion, suppression, and promotion with a weaker promo-
tional effect in the third stage than in the first [39]. Cui et al. (2022), focusing on green credit
policy, reveal that the environmental impacts of green credit policies are heterogeneous and
vary according to different levels of green credit development, and that their emissions
reduction effect varies depending on the progress of credit sector development [40].

In light of the above research, this paper posits that green credit may also have a
threshold effect on agricultural carbon emission intensity. Accordingly, Hypothesis 4 is
put forward:

Hypothesis 4. The effect of green credit on agricultural carbon emission intensity shows threshold
characteristics across different levels of green credit development.

To clearly illustrate the research design and empirical analysis process of this study,
the study’s analytical framework is illustrated in Figure 1.

Figure 1. Analytical framework of the study.

3. Empirical Model
Spatial econometric theory suggests that economic activities and factor flows across

regions are inherently connected, and that spatial linkages may arise through spillover
effects, policy imitation, and factor mobility [41]. Accordingly, agricultural carbon emis-
sions are shaped not only by local factors but also potentially by green credit development
and regional development levels in neighboring regions, hence generating spatial de-
pendence [42]. When such spatial dependence is ignored, conventional linear regression
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models may yield biased or inefficient estimates [43]. Thus, drawing on the extended
STIRPAT framework [44,45], this study incorporates spatial interaction terms to specify the
spatial econometric model.

According to spatial econometric theory, the commonly used models mainly include
the spatial autoregressive model (SAR), the spatial error model (SEM), and the spatial
Durbin model (SDM). The SAR model captures spatial dependence through the spatial lag
of the dependent variable. The SEM reflects spatial correlation through the disturbance
term. The SDM includes not only the spatial lag of the dependent variable but also the
spatial lags of the explanatory variables and can simultaneously identify local effects and
spatial spillover effects. Moreover, under certain parameter restrictions, the SDM can be
reduced to the SAR or SEM. For this reason, the SDM is more general and is widely used in
spatial empirical studies. Accordingly, the benchmark SDM is specified as follows:

ACEIit = ρ
n

∑
j=1

wij ACEIjt + α1GCit + θ1

n

∑
j=1

wijGCjt + α2Xit + θ2

n

∑
j=1

wijXjt + µi + λt + εit (1)

where ACEIit denotes the agricultural carbon emission intensity, GCjt represents the devel-
opment of green credit, Xit denotes control variables and wij represents a spatial weight

between provinces i and j. The term
n
∑

j=1
wij ACEIjt denotes the spatial lag of the dependent

variable, which captures the spatial dependence of agricultural carbon emission intensity.

The term
n
∑

j=1
wijGCjt denotes the spatially lagged green credit term, reflecting a spillover

effect from green credit from neighboring provinces, while
n
∑

j=1
wijXjt denotes the spatially

lagged values of the control variables. ρ is the spatial autoregressive coefficient; α1 captures
the direct effect within a province; θ1 captures the spatial spillover effect of green credit; α2

and θ2 are the coefficient vectors of the control variables and their spatial lags, respectively;
µi and λt denote the individual fixed effects and time fixed effects, respectively; εit is the
random error term.

For comparison, we present the specifications of SAR and SEM below. Specifically,
Equation (2) corresponds to the SAR model, a simplified form of the SDM that retains
only the spatial lag of the dependent variable. Equations (3) and (4) together define the
SEM, where spatial correlation is modeled through the error term. Additionally, uit is the

spatially correlated error term, ρu captures its spatial dependence and
n
∑

j=1
wijujt denotes its

spatial lag.

ACEIit = ρ
n

∑
j=1

wij ACEIjt + α1GCit + α2Xit + µi + λt + εit (2)

ACEIit = α1GCit + α2Xit + µi + λt + uit (3)

uit = ρu

n

∑
j=1

wijujt + εit (4)

To identify the appropriate model specification, this study estimates the SAR, SEM
and SDMs and conducts multiple specification tests such as the LM test, LR test, Wald test,
and Hausman test. The findings show that the fixed effects SDM is the most appropriate
model. Thus, the study adopts the SDM as the benchmark model for examining the effect
of green credit on agricultural carbon emission intensity.

To further explore the transmission channels through which green credit influences
agricultural greenhouse gas emission intensity (Hypotheses 2 and 3), this study adopts the
mediation effect testing approach proposed by Baron and Kenny (1986) [46], and integrates
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it into a spatial econometric framework. Given the potential spatial dependence and
spillover effects of agricultural carbon emission intensity across regions, a three-step spatial
mediation model based on the SDM is established to identify the underlying mediating
mechanism through which environmentally friendly credit impacts agricultural greenhouse
gas emission intensity.

Mit = ρM

n

∑
j=1

wij Mjt + β1GCit + θ1

n

∑
j=1

wijGCjt+β2Xit + θ2

n

∑
j=1

wijXjt + µi + λt + εit (5)

ACEIit = ρY

n

∑
j=1

wij ACEIjt + γ1GCit + θ3

n

∑
j=1

wijGCjt + γ2Mit + θ4

n

∑
j=1

wij Mjt + γ3Xit + θ5

n

∑
j=1

wijXjt + µi + λt + εit (6)

where Mit is the mediating variable and Equations (1), (5) and (6) constitute the intermediary
effect test equation. If the coefficients of β1 and γ1 are significant, compared with α1, the
coefficient of γ1 decreases significantly, indicating that Mit is an intermediary variable.

Although green credit is expected to reduce agricultural carbon emission intensity, its
marginal effect may vary at different stages of green credit development. In other words,
the relationship between green credit and agricultural carbon emission intensity may be
nonlinear rather than purely linear. To examine this possibility, this study further employs
Hansen’s panel threshold model [47], uses the level of green credit development as the
threshold variable and constructs the following model to test for threshold effects:

ACEIit = c + κ1GCit × I(GCit ≤ τ1) + κ2GCit × I(τ1 < GCit ≤ τ2) + . . . + κnGCit × I(τn−1 < GCit ≤ τn)

+κn+1GCit × I(GCit > τn) + βXit + µi + λt + εit
(7)

where τ1,τ2, . . . , τn are the threshold values to be estimated and I(·) is an indicator func-
tion that equals 1 if the specified condition is satisfied and 0 otherwise. The coefficients
κ1, κ2, . . . , κn+1 capture the marginal effects of green credit on agricultural carbon emission
intensity under different threshold regimes.

This threshold analysis is used as a complementary test of nonlinear effects. Unlike
the baseline SDM, its purpose is to identify whether the carbon mitigation impact of green
credit changes significantly throughout different development stages.

4. Variable Explanations and Data Sources
4.1. Explained Variable

This study adopts agricultural carbon emission intensity (ACEI) as the dependent
variable. Compared with total carbon emissions or per capita emissions, ACEI measures
the amount of carbon emissions generated for every unit of agricultural production value,
consequently reducing the influence of regional differences in the level of agricultural
economies. Accordingly, it more accurately reflects the low carbon efficiency and green
development level of agricultural production. The formula for calculating ACEI is given
as follows:

ACEI = E/AGDP (8)

Here, E denotes total agricultural carbon emissions, and AGDP refers to the annual
real gross value of agricultural output. In line with the 2006 IPCC Guidelines for National
Greenhouse Gas Inventories, the agricultural carbon emissions estimated in this study
mainly arise from six sources: chemical fertilizer use, pesticide use, agricultural film use,
diesel consumption by agricultural machinery, electricity consumption for irrigation and
soil carbon losses induced by tillage. In terms of estimation, this study adopts the IPCC’s
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standard method, which is widely recognized in carbon emissions accounting. The formula
for estimating agricultural carbon emissions is presented in Equation (9).

E =
6

∑
i=1

Ei × δi (9)

Here, Ei represents the total emissions from the carbon emission source category i, and
δi represents the emission factor for the carbon emission source category i. The emission
factors for each carbon emission source category are shown in Table 1.

Table 1. Types, coefficients, and reference sources of agricultural carbon emissions.

Carbon Emission Source Coefficient Reference Source

Agricultural Fertilizer 0.8956 kg/kg Oak Ridge National Laboratory
Pesticide 4.9341 kg/kg Oak Ridge National Laboratory

Agricultural Film 5.18 kg/kg IREEA
Diesel oil 0.5927 kg/kg Intergovernmental Panel on Climate Change

Tillage 312.6 kg/km2 School of Biology and Technology,
China Agricultural University

Agricultural Irrigation 20.476 kg/hm2 Duan H. et al. (2011) [48]

4.2. Core Explanatory Variable

Green credit is a core component of green finance. Financial institutions promote the
green transition of the economy by restricting loans to high-pollution enterprises while
increasing financial support for environmentally friendly firms [49].In this study, green
credit does not refer to agriculture-specific green lending; rather, it captures the provincial-
level development of green credit. Existing research generally measures green credit across
four dimensions: first, the proportion of green credit in total credit balances [50]; second,
the proportion of loans for energy saving and environmental protection projects [29];
third, the proportion of bank loans in industrial pollution control investments; fourth, the
proportion of interest expenditures in industries other than the six major energy-intensive
industries [51]. The data for the first three indicators are mainly obtained from banking
statistics, but comprehensive provincial panel data are difficult to access. Thus, following
Lyu et al. (2022), this study employs the share of interest expenditures in industries
other than the six major energy-intensive industries as a positive indicator to measure
the level of green credit [10]. A higher value of this indicator indicates that regional
credit resources are relatively less concentrated in high-energy-consuming industries and
more tilted toward environmentally friendly sectors. Admittedly, this proxy does not
directly measure agriculture-specific green credit or the actual balance of green loans, but
it can capture the green orientation of provincial credit allocation. The relevant interest
expenditure data are taken from the China Industrial Statistical Yearbook (2024). The
corresponding formula is defined as follows:

GC = 1 − interest expenses in six high energy consuming industries
total instructurial interest expense

(10)

4.3. Mediating Variable

To explore the mechanism through which green credit influences ACEI, this study
selects industrial structure upgrading and agricultural energy consumption intensity as
mediating variables. The reasons are as follows: through differentiated capital allocation,
green credit restricts the expansion of the energy-intensive secondary sector and directs
capital toward cleaner and more efficient tertiary industries, hence promoting the indus-
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trial structure upgrading toward low-carbon development [52]. Moreover, high energy
intensity is a key driver of carbon emissions growth [53]. By alleviating the financing
constraints faced by agricultural producers in the adoption of green and energy-efficient
technologies, green credit promotes capital renewal and green technology iteration, thereby
reducing agricultural energy consumption intensity and then mitigating agricultural carbon
emissions [54].

4.4. Control Variables

As agricultural carbon emission intensity is influenced by multiple drivers, this paper,
within the STIRPAT model framework, incorporates the following control variables to
account for the influences of population, economic, and technological factors.

Based on the EKC hypothesis, improvements in the stage of agricultural economic
progress are generally accompanied by the wider deployment of eco-friendly and low-
emission technologies and enhanced managerial efficiency, which help restrain carbon
emissions [55]. Although rising urbanization levels trigger labor migration, the resulting
agricultural intensification and scale management contribute to improved resource use
efficiency and thus generate emission reduction dividends [56]. The optimization of the
agricultural industrial structure, namely the rational adjustment of the share of planting
activities, can reduce overall carbon emission intensity through structural effects [57]. By
contrast, agricultural mechanization, as an energy-intensive production factor, significantly
increases the use of fossil fuels such as diesel and thereby promotes agricultural carbon
emissions [58]. Hence, this study includes this variable to capture the environmental costs
associated with technological progress. These variables are defined in detail in Table 2.

Table 2. Variable Descriptions.

Variable Index Selection Sign Measurement Method

Dependent Variable Agricultural Carbon
Emission Intensity ACEI

Total agricultural carbon emissions of each
province/Total agricultural output value of

each province

Explanatory Variable Green Credit Development Level GC 1—Proportion of interest expenses of six major
high-energy-consuming industries

Control Variable

Urbanization Level Urban Urban population of each province/
Total population

Agricultural Economic
Development Level Level Total agricultural output value of each

province/Total population of each region

Agricultural Industry Structure Structure

Total agricultural output value of each
province/Total output value of agriculture,
forestry, animal husbandry, and fishery in

each province

Total Power of Agricultural
Machinery Machine Total power of agricultural machinery in

each province

Mediating Variable
Industrial Structure Update Value added of tertiary industry/Value added of

secondary industry

Agricultural Energy
Consumption Intensity Energy Total agricultural energy consumption in each

province/Agricultural output value

4.5. Data Sources

Given the unavailability of data for Hong Kong, Macao and Taiwan, as well as the
distinctive economic structure of the Tibet Autonomous Region, this study employs panel
data for 30 Chinese provinces covering the period 2005–2022. The data are obtained
from multiple sources. Specifically, data on interest expenditures in the six major energy-
intensive industries are drawn from the China Industrial Statistical Yearbook and provincial
statistical yearbooks (2005–2022). Provincial agricultural carbon emissions data are collected
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from the China Statistical Yearbook (2005–2022), while agricultural energy consumption
data are obtained from the China Energy Statistical Yearbook (2005–2022) and the statistical
yearbooks of each province. Green patent data are sourced from the China National
Intellectual Property Administration and screened and compiled based on the green patent
classification list issued by the World Intellectual Property Organization (WIPO). Data for
the remaining control variables are taken from the China Statistical Yearbook (2005–2022).
With regard to data preprocessing, 2005 is used as the base year, and economic variables
such as gross agricultural output value are deflated using the corresponding price indices.
Missing observations for a small number of years are filled in using linear interpolation. In
addition, to alleviate heteroskedasticity, the main variables are transformed into logarithmic
form before the empirical analysis.

Table 3 presents the descriptive statistics of the variables. Overall, the standard
deviations of all variables are relatively small, indicating limited dispersion in the sample
data. Moreover, the standard deviation of each variable is smaller than its corresponding
mean, suggesting that the data are relatively stable. Agricultural carbon emission intensity
and green credit level exhibit substantial gaps between their maximum and minimum
values, reflecting significant regional heterogeneity in these variables. By contrast, the
total power of agricultural machinery shows a relatively large standard deviation and a
wide range of values. This is mainly due to regional disparities in the scale of agricultural
production and the level of mechanization. In major grain-producing areas and plains,
agricultural mechanization is generally more advanced, and machinery power input is
more concentrated, whereas in hilly and mountainous areas or regions with smaller-scale
agricultural production, the level of mechanization is relatively lower, leading to greater
variation in this variable.

Table 3. Descriptive Statistics of Main Variables.

Variable Name Obs Mean Std.Dev. Min Max

Agricultural Carbon Emission
Intensity 540 0.111 0.055 0.021 0.326

Green Credit Level 540 0.458 0.145 0.094 0.808
Total Power of Agricultural

Machinery 540 3182.439 2839.177 93.970 13,353.020

Urbanization Rate 540 0.560 0.139 0.269 0.942
Agricultural Economic

Development Level 540 0.687 0.423 0.094 2.744

Agricultural Industry Structure 540 0.186 0.097 0.006 0.538
Industrial Structure Upgrading 540 1.238 0.692 0.527 5.244

Agricultural Energy
Consumption Intensity 540 0.021 0.015 0.003 0.115

New Green Credit Level 540 0.045 0.018 0.011 0.100

5. Empirical Analysis
5.1. Spatial Evolution of Green Credit and Agricultural Carbon Emission Intensity

Using panel data on ACEI and green credit levels for 30 provinces in China from
2005 to 2022, this study employs the natural breaks method in ArcGIS (Pro 3.4) to classify
provincial ACEI and green credit development levels and to depict their spatiotemporal
distribution patterns (Figure 2).
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Figure 2. Spatiotemporal evolution of green credit and agricultural carbon emission intensity.

From a temporal perspective, as shown in Figure 2a–c, ACEI in China exhibits an over-
all downward trend, shifting from high-intensity concentration to low-intensity dispersion.
In 2005, most provinces were shaded dark red, reflecting the extensive mode of agricultural
production at that time. By 2022, high-emission areas had contracted significantly, and the
overall color of the map had become lighter, indicating that the carbon mitigation effects of
green agricultural development guidelines were gradually emerging. In contrast, as shown
in Figure 2d–f, the level of green credit development displays a clear upward trend, with
the map color shifting from light green to dark green, reflecting the continuous greening of
financial resource allocation.

In terms of spatial distribution, both variables display distinct regional heterogeneity.
Green credit development exhibits a typical uneven pattern of high in the east and low in
the west. As shown in Figure 2f, by 2022, the eastern coastal region had taken the lead in
forming a green credit highland and had begun to generate spillover effects on the central
region. Although the western region also experienced growth, it remained in the catch-up
stage, showing an overall gradient pattern of eastern leadership, central follow-up and
western catch-up. Further comparison of the two sets of maps indicates that regions with
higher levels of green credit tend to have lower agricultural carbon emission intensity. This
potentially negative spatial relationship provides preliminary empirical support for the
subsequent examination of the inhibitory effect of green credit on ACEI.

5.2. Construction of the Weight Matrix

To examine the roles of geographic proximity and green agricultural technology de-
velopment in spatial spillover effects, this study constructs a composite matrix of green
technology and geographic proximity for analysis. This specification is motivated by the
fact that the impact of green credit on agricultural carbon emissions may be transmitted not
only through geographic proximity but also through green technology diffusion and knowl-
edge spillovers. Therefore, compared with a single geographic distance matrix or economic
distance matrix, the composite matrix can more accurately represent the geographically me-
diated transmission channels behind green credit. The spatial distance matrix is built using
the squared reciprocal of the geographic distance between provincial capitals. Following
Parent and LeSage (2008), the green technology matrix captures differences in regional
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green technology development by using the reciprocal of the absolute difference in the
number of green patent applications between provinces [59]. Shao et al. (2016) set α =
0.5 subjectively to balance the spillover effects of these two dimensions [60]. To enhance
objectivity relative to this subjective assignment, this study uses the entropy weighting
method to determine the weights of the composite matrix [61].

wdt
ij =

{
α · wd

ij + (1 − α) · wt
ij i ̸= j

0 i = j
(11)

Wd
ij =

{ 1
d2

ij
i ̸= j

0 i = j
(12)

Wt
ij =

{ 1
|techi−techj| i ̸= j

0 i = j
(13)

In the equation, wtd
ij represents the green technology composite geographic distance

matrix, wd
ij represents the spatial distance matrix and wt

ij represents the green technology
matrix. In the following analysis, W1, W2, and W3 represent the green technology compos-
ite geographic distance matrix, the economic composite geographic distance matrix, and
the geographic distance matrix, respectively.

5.3. Spatial Autocorrelation Analysis

Before estimating spatial econometric models, this study first tests whether the core
variables exhibit significant spatial correlation. Accordingly, this study uses Stata18 to
calculate the global Moran’s I statistic for agricultural carbon emission intensity and green
credit development level. The results show that Moran’s I values for both variables are
significantly positive, which suggests the existence of strong global spatial clustering in
both ACEI and the level of green credit development. Specifically, Table 4 reports the test
results for GC, whereas Table 5 reports those for ACEI.

Table 4. Results of Moran’s global index analysis of green credit development level from 2005 to 2022.

Year Moran’s I Z p-Value Year Moran’s I Z p-Value

2005 0.2529 4.3144 0.0000 2014 0.2437 4.4075 0.0000
2006 0.1988 3.6159 0.0003 2015 0.2670 4.8810 0.0000
2007 0.1702 3.1255 0.0018 2016 0.2991 5.4082 0.0000
2008 0.1627 3.0192 0.0025 2017 0.3287 5.6965 0.0000
2009 0.2217 3.8818 0.0001 2018 0.3187 5.4123 0.0000
2010 0.1847 3.4277 0.0006 2019 0.2173 3.8903 0.0001
2011 0.2558 4.6637 0.0000 2020 0.2669 4.5306 0.0000
2012 0.2533 4.5293 0.0000 2021 0.2411 4.1340 0.0000
2013 0.2586 4.6702 0.0000 2022 0.2619 4.4518 0.0000

To further investigate the local spatial clustering patterns of these two variables, this
study applies the local Moran’s I statistic to examine the local spatial autocorrelation of
ACEI and green credit. Owing to space constraints, only the results for 2005, 2013, and 2022
are reported. As shown in Figure 3, most provinces fall into the first and third quadrants,
forming high-value clusters and low-value clusters. This finding indicates that both ACEI
and green credit are characterized by significant positive local spatial autocorrelation. These
results justify the use of spatial econometric models in the subsequent analysis.
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Table 5. Results of Moran’s global index analysis of agricultural carbon emission intensity from 2005
to 2022.

Year Moran’s I Z p-Value Year Moran’s I Z p-Value

2005 0.2375 4.2988 0.0000 2014 0.2301 4.1475 0.0000
2006 0.2147 4.0552 0.0001 2015 0.2150 3.9314 0.0001
2007 0.2250 4.2438 0.0000 2016 0.1977 3.6578 0.0003
2008 0.2435 4.4962 0.0000 2017 0.1684 3.2093 0.0013
2009 0.2351 4.3338 0.0000 2018 0.1709 3.2091 0.0013
2010 0.2448 4.4167 0.0000 2019 0.1779 3.2925 0.0010
2011 0.2432 4.4163 0.0000 2020 0.1746 3.3293 0.0009
2012 0.2383 4.3162 0.0000 2021 0.1555 3.0097 0.0026
2013 0.2346 4.2463 0.0000 2022 0.1463 2.8506 0.0044

Figure 3. Moran’s scatter plots of agricultural carbon emissions and green credit in 2005, 2013,
and 2022.

5.4. Selection of Spatial Econometric Model

As reported in Table 6, the LM-lag, LM-error and robust LM tests are all significant,
indicating that both the SAR and SEM are applicable. The LR and Wald tests are significant
at the 1% level, confirming that the SDM cannot be simplified to either the SAR or the SEM.
Combined with the AIC and BIC results, the SDM is selected for subsequent analysis. The
Hausman and LR tests further support the use of a two-way fixed effects specification.
Thus, this study adopts a two-way fixed effects SDM.

Table 6. Model validation results.

W W1 W2 W3

LM Spatial Lag 4.238 ** 4.015 ** 17.605 ***
Robust LM Spatial Lag 27.847 *** 36.100 *** 27.160 ***

LM Spatial Error 18.384 *** 23.587 *** 23.772 ***
Robust LM Spatial Error 42.993 *** 55.672 *** 6.883 ***

Comparing SDM and SAR LR test 46.30 *** 31.68 *** 24.37 ***
Wald test 49.79 *** 32.53 *** 25.29 ***

Comparing SDM and SEM LR test 45.84 *** 32.11 *** 18.64 ***
Wald test 47.85 *** 32.99 *** 18.74 ***

Hausman test 41.375 *** 54.332 ** 28.241 ***
LR Test: Comparing Time Fixed vs. Two-Way Fixed

LR Test: Comparing Region Fixed vs. Two-Way Fixed
53.43 *** 56.93 *** 23.59 ***

212.51 *** 208.55 *** 197.70 ***
Note: *** and ** denote significance levels of 1% and 5%, respectively.
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5.5. Benchmark Regression Test

The estimation results, reported in Table 7, show that the coefficient estimates for
green credit development are significantly negative across all three spatial econometric
models, indicating that green credit development is significantly associated with lower
ACEI. According to the log-likelihood values, the SDM exhibits the best fit among the three
models. This finding suggests that agricultural carbon emission intensity is influenced not
only by local economic activities, but also by spillover effects from neighboring provinces,
highlighting the spatial dependence in regional agricultural production activities that
cannot be ignored.

Table 7. Results of the spatial econometric model regression.

Variables/Statistics SAR (1) SEM (2) SDM (3)

GC
−0.255 *** −0.288 *** −0.276 ***

(−8.05) (−9.53) (−8.80)

structure
−1.003 *** −1.009 *** −1.044 ***
(−13.35) (−13.90) (−14.52)

machine
0.076 *** 0.082 *** 0.062 ***

(3.44) (3.99) (2.73)

level
−0.461 *** −0.472 *** −0.502 ***
(−12.90) (−13.24) (−13.71)

urban
−0.119 0.017 −0.161 *
(−1.38) (0.21) (−1.84)

W·GC
−0.455 ***

(−3.74)

W·structure
−1.096 ***

(−3.64)

W·machine
−0.050
(−0.66)

W·level
−0.364 ***

(−2.77)

W·urban
1.945 ***

(5.48)

Rho/Lambda
−0.525 *** −0.771 *** −0.711 ***

(−7.14) (−7.52) (−6.71)

Sigma2_e 0.009 *** 0.009 *** 0.008 ***
(16.29) (15.98) (16.03)

R-square 0.830 0.900 0.729
Log-L 489.840 490.069 512.991
AIC −965.679 −966.137 −1001.981
BIC −935.638 −936.096 −950.483

Note: *** and * denote significance levels of 1% and 10%, respectively.

The spatial autocorrelation test indicates that, under the green technology geographic
composite matrix (W1), the spatial autocorrelation coefficient of agricultural carbon emis-
sion intensity is significant at the 1% level, indicating significant spatial dependence in
ACEI across Chinese provinces. The coefficient on green credit is estimated at −0.276 and
is significantly negative at the 1% level, suggesting that a stronger green orientation in
regional credit allocation is significantly associated with lower ACEI. This association may
be explained by the following three channels:

(1) Credit allocation guidance mechanism. Guided by green credit policies, financial
institutions adopt differentiated pricing strategies for agricultural business entities.
On the one hand, they offer preferential interest rates and green approval channels
for projects that apply low carbon technologies, such as water-saving irrigation,
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comprehensive straw utilization, and soil testing-based formulated fertilization. On
the other hand, they set higher financing thresholds for energy-intensive agricultural
facilities and production practices that depend excessively on chemical fertilizers
and pesticides. By regulating the direction of capital flows, this mechanism may
redirect capital away from relatively high carbon agricultural activities toward green
agricultural activities, sequentially improving the efficiency of agricultural capital
allocation.

(2) The incentive mechanism of risk management. Banks integrate environmental risk
ratings into the whole process of pre-loan investigation and post-loan management,
requiring large-scale agricultural producers to provide environmental compliance
certificates or carbon emissions monitoring data. This mechanism compels them to
eliminate outdated energy-intensive equipment and accelerate the substitution of
clean energy, hence reducing the carbon emissions from agricultural production at
the source.

(3) Industrial structure optimization mechanism. The targeted allocation of credit funds
accelerates the structural transformation of agricultural production methods. For
example, in facility agriculture, traditional coal-fired heating systems are being rapidly
replaced by electric heat pumps, while in the livestock and poultry sector, waste re-
source utilization projects have received dedicated credit support. Such technological
substitution directly reduces the energy intensity of agricultural production, as a
result of curbing agricultural carbon emissions.

In addition to the mechanism analysis presented above, the existing literature provides
strong support for the findings of this study. Lu et al. (2025) found that green finance signif-
icantly reduces agricultural carbon emissions [62]. Likewise, Yu et al. (2025) discovered that
a one-unit increase in the green finance index leads to a significant reduction of 0.624 units
in agricultural carbon emissions and that this effect is stronger in major grain-producing
regions [29]. Previous studies further indicate that the major components of green finance,
including green credit, green insurance, and green securities, all play a role in curbing
agricultural carbon emissions [7]. Based on these findings, China should further improve
its green credit policy framework, refine regional green credit guidance for agricultural
low-carbon transition, and accelerate progress toward its 2030 carbon peaking target and
2060 carbon neutrality goal.

From the perspective of control variables, the results indicate that agricultural produc-
tion structure, total agricultural machinery power, agricultural economic development, and
urbanization all have significant effects on ACEI. (1) The coefficient for agricultural indus-
trial structure is −1.044 (p < 0.01), revealing that an expanded proportion of crop farming
can significantly reduce the ACEI level. This is because crop farming has a lower carbon
emission intensity per unit of output compared to livestock and poultry farming. (2) By
contrast, the coefficient of total agricultural machinery power is 0.062 (p < 0.01), indicating
that a higher level of agricultural mechanization significantly increases carbon emissions.
One possible explanation is that current agricultural production remains highly dependent
on fossil fuel-powered machinery, and diesel consumption during operation directly results
in carbon emissions. (3) The degree of agricultural economic development is −0.502 (p <
0.01), which supports the applicability of the Environmental Kuznets Curve hypothesis
in the agricultural sector and is consistent with the findings of Ritu et al. (2024) [63]. As
per capita agricultural output increases, agricultural producers tend to possess stronger
financial capacity and greater capacity for technology adoption, thereby increasing the
likelihood of adopting low-carbon agricultural technologies and promoting the transition
toward green production practices. (4) The coefficient of urbanization is −0.161 (p < 0.1),
indicating that urbanization significantly reduces ACEI. The urbanization process has
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facilitated land transfers and large-scale agricultural operations, sequentially providing
supportive conditions for the diffusion and use of green technologies [64].

5.6. Spatial Spillover Effect

Drawing on the partial differential method proposed by LeSage et al. (2009) [42], this
study decomposes the regression coefficient of green credit on ACEI, that is, the total effect,
into direct and indirect effects. The total effect reflects the comprehensive impact of green
credit development on ACEI across all provinces. The direct effect refers to the impact
of green credit development on ACEI within the local region, whereas the indirect effect
captures the impact of green credit development on ACEI in neighboring provinces. Table 8
reports the detailed decomposition results of these spatial effects.

Table 8. Results of spatial effect decomposition.

Variable Direct Effect Indirect Effect Total Effect

GC
−0.258 *** −0.168 ** −0.426 ***

(−7.43) (−2.20) (−6.27)

structure
−1.023 *** −0.228 −1.251 ***
(−13.92) (−1.27) (−7.35)

machine
0.071 *** −0.064 0.006

(2.93) (−1.20) (0.14)

level
−0.504 *** 0.002 −0.501 ***
(−14.45) (0.03) (−6.48)

urban
−0.293 *** 1.335 *** 1.042 ***

(−3.01) (5.21) (4.79)
Note: *** and ** denote significance levels of 1% and 5%, respectively.

As shown in Table 8, under the spatial weight matrix based on the composite geo-
graphical distance of green technology, the local effect of green credit development on
ACEI is −0.258, while its effect on ACEI in neighboring provinces is −0.168. Both effects
are negative and significant at the 1% and 5% significance levels, respectively. This finding
confirms Hypothesis 1, indicating that the development of green credit not only reduces
ACEI in the local region but is also associated with lower ACEI in neighboring provinces
through spatial spillover effects.

First, the rollout of green credit effectively reduces the costs associated with the
research, development, diffusion, and deployment of low-carbon agricultural technologies
in the local region. These green and low-carbon technologies then permeate and diffuse
into neighboring provinces through channels such as interregional labor mobility, trade in
agricultural products, and the circulation of agricultural inputs, sequentially promoting the
green upgrading of agricultural production technologies in adjacent regions. Second, the
successful practice of agricultural green transformation in the local region sends positive
market signals, guiding business entities in neighboring areas to actively engage in imitation
and learn from these practices, optimize the layout of agricultural production, and promote
the low-carbon transformation of regional agricultural production models. Furthermore,
by establishing green transformation demonstration bases, the government enables local
green credit practices and environmental regulation to generate a demonstration effect on
surrounding areas, thus fostering coordinated carbon reduction across the region. Thus,
through technological spillovers, market guidance, and government support, green credit
may contribute to coordinated emission reduction in agricultural emissions reduction
across regions.

Among the control variables, urbanization shows a significantly positive indirect effect,
implying a potential spatial spillover effect on agricultural carbon emission intensity. This
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finding is consistent with the conclusions of Cui et al. [65] This may be related to labor mo-
bility, factor reallocation, and regional industrial adjustment associated with urbanization.
In contrast, the indirect effects of agricultural industrial structure, agricultural economic
development, and total agricultural machinery power are insignificant, suggesting that
their influences are mainly confined to the local region.

5.7. Mechanism Analysis

The results of the mediation effect test are reported in Table 9. In Equation (1), the
coefficient of green credit development is significantly negative, indicating that green credit
is significantly associated with lower ACEI, meeting the prerequisite for the mediation effect
test. In Equation (5), the coefficients of green credit on agricultural energy consumption
intensity and industrial structure upgrading are −0.188 and 0.122, respectively, both of
which are significant at the 1% level. This suggests that green credit significantly decreases
agricultural energy consumption intensity while promoting industrial structure upgrading.
In Equation (6), after the mediating variables are included, the coefficients of green credit,
agricultural energy consumption intensity, and industrial structure upgrading remain
statistically significant, indicating that both agricultural energy consumption intensity
and industrial structure upgrading serve as partial mediators in the relationship between
green credit and ACEI. Thus, green credit not only directly reduces the ACEI but can
also indirectly promote agricultural emission reduction through two channels: lowering
agricultural energy consumption intensity and advancing industrial structure upgrading.
Thus, Hypotheses 2 and 3 are supported.

Table 9. Mediation effect results.

Variable

M = Energy M = Update

ACEI Energy ACEI ACEI Update ACEI
(1) (5) (6) (1) (5) (6)

GC −0.259 *** −0.188 *** −0.224 *** −0.259 *** 0.122 *** −0.224 ***
(−6.936) (−5.481) (−5.880) (−6.936) (2.938) (−6.280)

energy 0.155 ***
(3.285)

update −0.291 ***
(−7.865)

controls Yes Yes Yes Yes Yes Yes
Sobel Test p = 0.005 p = 0.006

Rho 0.304 *** 0.809 *** 0.255 *** 0.304 *** 0.664 *** 0.279 ***
(9.226) (30.250) (5.663) (9.226) (14.149) (7.223)

R2 0.925 0.903 0.927 0.925 0.892 0.933
Note: *** denote significance levels of 1%.

A plausible explanation is that green credit may contribute to agricultural emission
reduction by improving resource allocation and easing financing constraints. On the one
hand, differentiated financing support may encourage agricultural producers to adopt
more energy-efficient machinery and greener production technologies, thereby reducing
dependence on high-carbon energy inputs and improving energy use efficiency. This
interpretation is consistent with the observed decline in agricultural energy consumption
intensity. On the other hand, green credit may restrain the expansion of high energy-
consuming industries and promote capital flows toward low energy-consuming and higher
value-added sectors, thereby facilitating industrial structure upgrading. Such upgrading
may help reduce overall energy consumption and support cleaner and lower-carbon
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agricultural production through technology spillovers and industrial linkage effects, which
is consistent with the observed reduction in ACEI.

5.8. Threshold Effect of the Development Level of Green Credit

Prior research indicates that green credit significantly suppresses agricultural carbon
emissions and induces spatial spillover effects. However, the emission reduction effects
of green credit may not follow a simple linear relationship; rather, its impact may exhibit
nonlinear characteristics as the level of green credit development changes. When green
credit intensity is at different levels, its marginal impact on agricultural carbon emissions
may differ. Hence, this study employs a panel threshold regression model, with green
credit intensity as the threshold variable, to examine the nonlinear impact of green credit
on ACEI.

Table 10 presents the results of the threshold tests. The single threshold model is
significant at the 5% level (p = 0.012), whereas neither the double threshold model nor
the triple threshold model is statistically significant. Thus, this study selects the single
threshold model for subsequent analysis and the estimated threshold value is −1.1146
(Table 11). This estimate is based on the logarithmic transformation of green credit intensity
and corresponds to approximately 0.328 after conversion to the original scale.

Table 10. Threshold test results.

Model F-Value p-Value Number of BS
Iterations

Single Threshold 45.74 0.012 500
Double Threshold 5.58 0.892 500
Triple Threshold 8.29 0.740 500

Table 11. Threshold Estimates Table.

Model Threshold Estimate 95% Confidence Interval

Single Threshold −1.1146 [−1.1484, −1.0931]

The results of the threshold regression analysis presented in Table 12 indicate that the
effect of green credit on ACEI exhibits a significant threshold characteristic. When the level
of green credit is below the threshold value of 0.328, its inhibitory effect on ACEI is strongest.
Once the intensity of green credit exceeds the threshold, the effect remains significantly
negative, but the magnitude of its emission reduction effect declines markedly. This result
indicates that as the scale of green credit expands, its marginal emission reduction effect
gradually weakens.

Table 12. Threshold regression results.

Variable Coefficient Robust Standard
Error t-Value p-Value

GC (GC ≤ κ) −0.4080 0.0682 −5.98 0.000
GC (GC > κ) −0.2193 0.0848 −2.58 0.015

Constant term −3.9498 0.2231 −17.71 0.000
Intra-group R2 0.9240

Number of observations 540
Number of provinces 30

To further interpret the estimated threshold value of −1.1146 corresponding to 0.328 on
the original scale, we examine the temporal and spatial distribution of sample observations
around this threshold. The results show that provinces below the threshold are mainly
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located in central and western China, whereas eastern provinces such as Guangdong,
Jiangsu, and Zhejiang remain above the threshold throughout most or all years of the
sample period. Beijing falls below the threshold only in 2005, while Guizhou and Yunnan
remain below it for 17 years (2005–2021) and 18 years (2005–2022), respectively. This pattern
suggests that the development of green credit remains at a relatively low level in several
less developed regions.

In economic terms, the threshold can be understood as marking a change in the stage
of green credit development. Below the threshold, an increase in green credit is associated
with a more pronounced reduction in agricultural carbon emission intensity. Above the
threshold, green credit continues to exert an inhibitory effect, but its marginal impact
becomes weaker. This finding implies that once green credit reaches a relatively high level,
further emission reduction may depend less on the expansion of credit scale itself and
more on improvements in credit allocation efficiency and green technological upgrading.
Therefore, the estimated threshold is not only statistically significant but also economically
meaningful, suggesting that regions at different stages of green credit development should
adopt differentiated policy priorities.

5.9. Robustness Test

This study tests the robustness of the baseline regression findings in three ways: re-
placing the spatial weight matrix, adjusting the sample period and using an alternative
proxy for the core explanatory variable, green credit. First, to rule out the possibility that
findings are contingent on a single spatial weight matrix, the baseline green technology
geographic composite matrix (W1) is successively replaced by the economic geographic
composite matrix (W2) and the geographic distance matrix (W3). Among them, the eco-
nomic geographic composite matrix (W2) incorporates both geographic proximity and
spatial correlation in regional economic development, thus capturing interregional linkages
in both geographic and economic terms. Second, to minimize potential disturbances from
the initial policy adjustment stage and data fluctuations at the end of the sample period,
and estimation bias stemming from endpoint outliers, the first and final two years of the
full dataset are excluded, narrowing the sample period to 2007–2020. Third, as a further
robustness check, this paper uses the ratio of environmental project loans to total provincial
loans as an alternative proxy for green credit. As reported in Table 13, the direct, indirect,
and total effects are −0.222, −0.431, and −0.653, respectively, all significant at the 1% level.
Compared with the baseline estimates, the larger absolute values of the indirect and total
effects suggest that the share-based measure better captures the structural allocation of
green credit and its cross-regional transmission. Collectively, these findings demonstrate
that green credit continues to exert a significant negative impact on ACI and produce
substantial spatial spillover effects, thus verifying the robustness of the original baseline
regression outcomes.

Table 13. Results of robustness tests.

Baseline
Reference W2 W3 Exclude Specific

Years New_GC

Direct effect −0.258 *** −0.276 *** −0.260 *** −0.222 *** −0.222 ***
Indirect effect −0.168 *** −0.227 ** −0.247 *** −0.226 *** −0.431 ***

Total effect −0.426 *** −0.503 *** −0.507 *** −0.448 *** −0.653 ***
Direct effect of GC(−1)

Indirect effect of GC(−1)
Total effect of GC(−1)

Note: *** and ** denote significance levels of 1% and 5%, respectively.
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5.10. Endogeneity Tests

To address potential endogeneity, this study first employs a lagged variable strategy.
When the core explanatory variable, green credit, is lagged by one period, the estimated
effect remains significantly negative, indicating that the inhibitory effect of green credit
on agricultural carbon emission intensity is robust [21]. As reported in Table 14, when
both green credit and all control variables are lagged by one period, the direct effect
becomes positive but insignificant (0.0295), while the indirect effect (−0.3095) and total
effect (−0.2800) remain significantly negative. In the spatial Durbin model, the direct
effect reflects the impact of green credit on local agricultural carbon emission intensity,
the indirect effect captures the spillover effect on neighboring regions, and the total effect
measures the overall impact. These findings suggest that although the local effect weakens
under the stricter lag specification, green credit still significantly reduces. Agricultural
carbon emission intensity through spatial spillover channels.

Table 14. Direct, indirect, and total effects of green credit.

One-Period Lag of GC One-Period Lag of All Variables

Direct effect of GC(−1) −0.249 *** 0.029
Indirect effect of GC(−1) −0.137 * −0.310 ***

Total effect of GC(−1) −0.386 *** −0.280 ***
Note: *** and * denote significance levels of 1% and 10%, respectively.

In addition, this study applies an instrumental variable approach to further address
endogeneity concerns. As reported in Table 15, the second stage results show that the
coefficient of green credit (GC) is −0.569 and remains significantly negative at the 1%
level, indicating that green credit continues to exert a significant suppressing effect on
agricultural carbon emission intensity after accounting for endogeneity. Among the control
variables, industrial structure and economic development level both show significantly
negative effects, while the coefficients of agricultural mechanization and urbanization
are not statistically significant. The identification tests further support the validity of the
instrumental variable estimation: the Kleibergen-Paap LM statistic is significant at the 1%
level, rejecting the null hypothesis of under identification; the first stage F statistic is 22.93,
exceeding the conventional threshold of 10, suggesting that the instrument is sufficiently
correlated with green credit; and the Cragg Donald F statistic reaches 83.17, indicating that
the weak instrument problem is unlikely to be serious. Overall, the instrumental variable
results are consistent with the baseline findings and provide further evidence that the
negative effect of green credit on agricultural carbon emission intensity is robust rather
than driven by reverse causality or omitted variable bias.

Table 15. Instrumental variable regression results of green credit on carbon emission reduction.

Variable Coefficient Robust Std. Error Z-Value p-Value

GC −0.569 *** 0.193 −2.93 0.003
machine 0.077 0.064 1.21 0.228
structure −1.159 *** 0.160 −7.38 0.000

level −0.602 *** 0.115 −5.22 0.000
urban 0.001 0.265 0.00 0.998

Province fixed effects Controlled
Year fixed effects Controlled

Observations 480
R-squared 0.988

Kleibergen-Paap LM 13.66 *** 0.000
First stage F-statistic 22.93 *** 0.000

Cragg Donald F-statistic 83.17

Note: *** denote significance levels of 1%.
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5.11. Analysis of Regional Heterogeneity

Given the pronounced disparities in economic development and financial sector
development across China’s regions, the impact of green credit on ACEI is likely to exhibit
regional heterogeneity. In particular, relative to central and western China, the eastern
region, as the country’s most economically advanced area, has a more developed green
financial system, stronger capacity for technology diffusion, and a distinct industrial
structure. Accordingly, this study further divides the sample into eastern, central, and
western regions and estimates the SDM separately for each group to examine regional
variations in the effect of green credit on ACEI. Table 16 reports the decomposition results
for the three regions.

Table 16. Results of the Regional Heterogeneity Test.

Eastern Region Central Region Western Region

Direct effect −0.1692137 *** 0.0002558 −0.3030591 ***
Indirect effect −0.2531105 * −0.3228971 *** 0.214322

Total effect −0.4223241 *** −0.3226412 *** −0.887371
Note: ***and * denote significance levels of 1% and 10%, respectively.

The results show that in the eastern region, the direct, indirect, and total effects of
green credit intensity are all significantly negative. This suggests that green credit not only
reduces ACEI within the eastern region but also produces significant emission reduction
spillovers to neighboring regions. In the central region, the direct effect is nearly zero and
lacks statistical significance (coefficient 0.0003, p = 0.995), while the indirect effect and total
effect are significantly negative at the 1% level. In the western region, the direct effect is
significantly negative at the 1% level, but the indirect effect is positive and insignificant
(p = 0.166), and the total effect is also insignificant (p = 0.424).

These regional differences can be explained by China’s actual development gradient.
In the eastern region, the mature green financial system, efficient allocation of green credit
resources, and smooth interregional economic linkages and technology diffusion channels
collectively enable the emission reduction effects of green credit to spill over effectively to
neighboring areas. For the central region, the insignificant direct effect may be attributed to
the region’s transitional stage of agricultural modernization, where smallholder farming
dominates and green credit absorption is weak, while traditional input rigidities offset
marginal emission reductions. However, the significantly negative indirect effect reflects the
central region’s unique hub role connecting the east and west. Through industrial linkages,
technology diffusion, and policy imitation, green credit in the central region generates
positive spatial spillovers to neighboring areas, especially the east and west, even though its
local effect has not yet materialized. For the western region, the strongly significant direct
effect indicates a large marginal emission reduction potential, as the region’s relatively
extensive agricultural practices leave ample room for improvement through green credit.
Nevertheless, the weak and positive though statistically insignificant indirect effect suggests
that spatial spillovers are hindered by vast geographical distances, poor infrastructure, and
strong interregional market segmentation. Moreover, a faint pollution haven effect, where
local green policies may drive high-carbon activities to even less developed neighbors,
cannot be ruled out, but it is not statistically robust. Consequently, the total effect in the
western region remains insignificant, implying that green credit’s net regional impact,
including spillovers, is not yet reliable.

In summary, the eastern region exhibits a comprehensive radiation pattern of emission
reduction; the central region acts as an outward-spillover hub; and the western region
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mainly achieves local abatement without effective spatial diffusion. These findings high-
light the importance of region-specific green credit policies.

6. Conclusions, Suggestions, and Discussion
6.1. Conclusions and Suggestions

In the context of intensifying global climate change, reducing agricultural carbon
emissions has become an important component of China’s dual carbon strategy. As a
major instrument of green finance, green credit development may guide financial resources
toward environmentally friendly agricultural activities and thereby support the low-carbon
transition of the agricultural sector. Based on panel data from 30 provincial-level regions
in mainland China over the period 2005–2022, this study systematically investigates the
impact of green credit development on agricultural carbon emission intensity by employing
the spatial Durbin model, mediation model, and the threshold effect model. The empirical
results show that green credit is significantly associated with lower agricultural carbon
emission intensity. This finding remains robust after replacing the spatial weight matrix,
adjusting the sample period, and using a one-period lagged green credit indicator. Further
analysis based on the composite geographical spatial weight matrix of green technology
indicates that green credit not only exerts a significant inhibitory effect on local agricultural
carbon emission intensity, but also generates a significant negative spillover effect on
neighboring regions. Nevertheless, the local mitigation effect is stronger than the spatial
spillover effect. The heterogeneity analysis reveals distinct regional patterns: in the eastern
region, green credit generates both significant local and spillover effects; in the central
region, only spatial spillover effects are significant, suggesting a hub role; in the western
region, only local abatement is achieved without effective diffusion. These differences
underscore the importance of region-specific policy design. The mechanism analysis
confirms that green credit contributes to emission reduction mainly through two channels:
facilitating the upgrading of the industrial structure and reducing agricultural energy
consumption intensity. In addition, the threshold effect results suggest that the impact of
green credit on agricultural carbon emission intensity is nonlinear. Although green credit
continues to exert a significant mitigation effect after the threshold is crossed, its marginal
emission reduction effect tends to weaken. Based on the above findings, the following
recommendations are proposed:

(1) A more operational regional green credit support system should be established to
better serve the low-carbon transition of agriculture. In addition to central bank fund-
ing, fiscal interest subsidies, and local guarantee mechanisms, the green orientation of
regional credit allocation should be further strengthened. Where conditions permit,
relevant standards for identifying agriculture-related green projects can be refined,
and indicators such as ecological protection, resource conservation, and carbon reduc-
tion performance can be gradually incorporated into financing evaluation and policy
support, so as to improve the effectiveness of green credit in supporting agricultural
emission reduction.

(2) An interregional green credit coordination mechanism should be developed to
strengthen the cross-regional diffusion of credit resources, low-carbon technologies,
and implementation experience. A provincial-level coordination platform can be
established to connect financial institutions, agricultural departments, and local gov-
ernments, so as to promote information sharing and policy alignment. In addition,
pilot counties and demonstration zones should be used to diffuse mature low-carbon
agricultural models, while preferential credit support and interest subsidies can be
provided to farmers, cooperatives, and agribusinesses that adopt verified emission-
reduction technologies.
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(3) Differentiated policies should be implemented according to regional development
foundations and resource endowments. In the eastern region, where both direct
and spillover effects are significant, green credit should be combined with cultivated
land protection, high-quality agricultural development, and carbon performance
incentives to improve the efficiency of fund allocation. In the central region, which
plays a spillover hub role, policies should focus on strengthening local absorption
capacity through land consolidation, support for green farming cooperatives, and
technology diffusion channels. In the western region, where spatial spillovers are
weaker, priority should be given to improving infrastructure, reducing interregional
financing frictions, and establishing cross-provincial green credit linkages to enhance
policy transmission.

(4) The transmission impact of green credit on reducing agricultural carbon intensity
should be strengthened through industrial upgrading and higher energy efficiency.
Greater collaboration among government, industry, universities and research in-
stitutions can accelerate the development and application of biopesticides, smart
agricultural machinery, and clean energy. Meanwhile, green certification standards
and supporting financial instruments, such as credit guarantees cooperatives, can
further improve the accessibility and effectiveness of green finance.

(5) As green credit displays threshold effects and diminishing marginal returns in re-
ducing carbon emissions, policy design should prioritize quality enhancement over
simple scale expansion. In regions where green credit development remains relatively
weak, credit supply can be moderately expanded to overcome financing constraints.
In more advanced regions, policy emphasis should move toward improving allocation
efficiency, optimizing loan structure, and strengthening post-loan monitoring, so as to
sustain long-term emission reduction effects.

6.2. Discussion

This study suggests that the carbon mitigation role of green credit in agriculture should
be understood not merely as a local financial intervention, but as a policy arrangement
embedded in regional linkages, structural transformation and stages of development
conditions. In the agricultural sector, where production activities are strongly influenced
by technology diffusion, interregional factor mobility, and differences in development
foundations, the effectiveness of green credit depends not only on the expansion of financial
support but also on whether such support can be translated into cleaner energy use and
more efficient industrial upgrading. In this sense, the findings enrich the existing literature
by showing that the environmental effect associated with green credit in agriculture is both
spatially connected and structurally transmitted.

Meanwhile, the results imply that the policy effectiveness of green credit is conditional
rather than uniform. Regions with stronger green finance foundations and better capacities
for technology absorption are more likely to convert financial input into sustained carbon
reduction outcomes, while the weakening marginal effect after the threshold is crossed
indicates that scale expansion alone may not guarantee continuously stronger mitigation ef-
fects. Therefore, future policy design should place greater emphasis on allocation efficiency,
regional coordination and differentiated implementation.

Several limitations merit acknowledgment. Due to the lack of consistent and pub-
licly available provincial data on agriculture-specific green credit, this study employs a
provincial-level proxy to characterize green credit development. Although this measure is
useful for capturing the green orientation of regional credit allocation at the macro level, it
does not directly observe credit flows to agricultural green projects or producers. Moreover,
the proxy may partly reflect other province-specific characteristics, including industrial
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composition, general credit allocation structures, and differences in policy enforcement,
thereby introducing potential measurement error. For this reason, the findings should
be interpreted with caution as indicating a macro-level relationship between the regional
green credit environment and agricultural carbon emission intensity, rather than a precise
estimate of the impact of agriculture-specific green lending. In addition, the use of provin-
cial panel data limits the ability to uncover micro-level mechanisms involving farmers,
cooperatives, and rural financial institutions. Future research may build on this study by
using more granular data, including county-level observations, bank-level lending records,
and household or cooperative-level survey data, to provide a more direct assessment of
how green finance affects agricultural carbon outcomes.
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