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Introduction: By maintaining soil health and optimizing water resources
management, agricultural ecological total factor productivity (AETFP) builds a
basic defense line of safe food supply and environmental balance, effectively
reduce the spread of chemical pollution and improve the quality of nutrition
supply, thus providing a strategic fulcrum for the management of public health
sources.

Methods: Based on the provincial panel data of China from 2012 to 2022,
AETFP was estimated using EBM-GML model by incorporating the agricultural
ecological value into the desirable output, and the influence mechanism of green
finance on the AETFP was discussed by using fixed effect model and spatial
econometric model.

Results: The AETFP in all regions of China was steadily improving, especially in
the eastern region. Green finance not only promotes the improvement of AETFP
in local and surrounding areas, but also improves AETFP by improving agricultural
industrial agglomeration. Heterogeneity analysis shows that the promotion effect
of green finance is particularly obvious in eastern regions, major grain-producing
regions and regions with high digital infrastructure.

Discussion:  This study provides empirical support for the paradigm
transformation of agroecosystem governance from end-treatment to source
prevention and control.

KEYWORDS

green finance, agricultural ecological value, total factor productivity, industrial
agglomeration, spatial spillover effect

1 Introduction

Agriculture is the basic industry that human beings depend on for survival, and it is
also a sensitive field of ecological environment change (Liu et al., 2022). The economic
development model of traditional agriculture is the linear open-loop type of unidirectional
material flow, that is, “resource-product, pollution discharge.” The core goal is to maximize
the benefit of final products, and resource input and waste discharge are carried out
around this goal. With the increasingly acute contradiction among resources, environment
and economy, the traditional economic growth mode at the expense of ecology and
environment is no longer suitable for the current agricultural development (Zhang et al.,
2021). According to statistics, the total amount of chemical fertilizer used in China in 2022
is up to 54 million tons, accounting for more than 30% of the global total, ranking first
in the world. However, the high-intensity use of chemical fertilizers and pesticides not
only leads to agricultural environmental pollution, but also adversely affects the quality
of agricultural products and ecosystem functions (Wu et al., 2022). At the same time,
with the annual increase of agricultural carbon emissions, China’s agriculture has become
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the third largest source of greenhouse gas emissions after industry
and transportation (Wang and Qian, 2024), posing a threat to
the stability of regional ecosystems. How to improve agricultural
ecological benefits while ensuring agricultural economic benefits
has become an important issue in the transformation of
modern agriculture (Méndez-Picazo et al, 2021). Agricultural
circular economy is a closed flow of “resource-product-renewable
resources” (Morseletto, 2020), which has the characteristics of
low mining, high utilization and low emission. Its core is to
realize the closed-loop feedback of circular flow of material
and energy (Donner and de Vries, 2021). It requires economic
activities to follow the law of natural ecology, and organizes
human production and nature into a large system of repeated
circular flow of material. To maximize the use of agricultural
wastes in the process of production and consumption in the
whole economic system (Duque-Acevedo et al, 2020; Perdana
et al, 2023). While examining the development of agricultural
economy, agroecological total factor productivity (AETFP) can
take into account the reasonable consumption of resources
and energy as well as the increase of ecological value, which
is in line with the concept of circular economy. Therefore,
improving AETFP is a crucial approach to addressing the
coordinated development of agriculture across the “resource-
energy-environment-eco-economy” and promoting the sustainable
development of agriculture.

Agricultural total factor productivity (ATFP) serves as a key
measure of the efficiency of agricultural production (Liu et al,
2020; Wang and Qian, 2024). In recent years, many scholars
have carried out various studies on this indicator. On the one
hand, the traditional ATFP research mainly focuses on the level of
economic efficiency (Barath and Ferto, 2017; Plastina and Lence,
2018). The core is to take the total agricultural output value, grain
output and other economic outputs as the desirable output, and
the input indicators include labor, land, capital and intermediate
inputs. Data envelopment analysis (DEA) (Chen et al., 2020),
stochastic Frontier Analysis (SFA) (Barath et al., 2020; Koiry and
Huang, 2023) and other methods are used for calculation, and
the regional differences of ATFP and its influencing factors are
revealed. However, this measurement method ignores the irrational
use of resources and the negative impact of ecological environment
in the process of agricultural production, which is difficult to
meet the requirements of sustainable development. Meanwhile,
with the rise of environmental sustainability issues, scholars began
to incorporate environmental pollution and resource constraints
into the evaluation system of ATFP, and gradually formed the
research framework of agricultural green total factor productivity
(AGTFP) (Hu et al, 2022; Zhu et al, 2022). AGTFP usually
takes agricultural carbon emissions and non-point source pollution
as undesirable outputs (Liu et al., 2021; Shen et al, 2023), and
realizes the measurement of low-carbon development and clean
production of agriculture by integrating the concept of green into
the calculation of production efficiency. However, the desirable
output of AGTFP is still mainly focused on economic value,
while the positive contribution of agricultural production to the
ecosystem, such as water conservation, soil conservation and
other ecological values, is not included in the evaluation system.
Previous research has focused more on the reduction of undesirable
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outputs, but not enough attention to the service functions
of agricultural ecosystems and the sustainable use of natural
resources. Agricultural ecological environment is the premise and
foundation of agricultural economic development. Agricultural
production should not only maximize economic benefits, but also
emphasize the protection of ecosystem and the improvement of
ecological value. Therefore, this paper divides the agricultural
ecological service functions into seven functions: gas regulation,
climate regulation, hydrological regulation, waste treatment, soil
conservation, biodiversity maintenance, and aesthetic landscape
provision. It also constructs a dynamic equivalent regulation
factor model to measure the agricultural ecological value of
different provinces in different years. Then, both the ecological
value and economic value of agriculture are incorporated into
the desirable output to evaluate the total factor productivity of
agricultural ecology.

Green finance (GF) refers to financial activities that guide
funds to flow to environmentally friendly and eco-friendly
projects through financial instruments and mechanisms to achieve
sustainable economic development. It includes financial products
and services such as green credit, green bonds, green investment
funds, and environmental liability insurance (Zhang et al., 2022),
which aims to promote low-carbon economic transformation,
promote the application of energy conservation and emission
reduction technologies, and support the development of renewable
energy, clean technology, and ecological restoration by optimizing
capital allocation. The core of GF is to combine environmental
protection goals with economic development (Zhang et al., 2023),
improve resource utilization efficiency, slow down environmental
degradation, and enhance the environmental friendliness and
resilience of the overall economy. The escalating impacts of
global climate change have caused notable losses in agricultural
production (Chen and Gong, 2021), while GF has increasingly
demonstrated its value in balancing agricultural economic growth
with ecological sustainability (Diaz-Rainey et al., 2023). Can GF
improve AETFP? If so, how to achieve this mechanism?

China is one of the world’s largest agricultural producers,
with diverse and complex agricultural ecosystems. In recent years,
China has strongly supported green investment, especially in the
agricultural sector, and green finance policies have been gradually
improved. Therefore, studying the influence of GF in China on
AETFP will help to reveal strategies to enhance AETFP, which can
provide experience for policy design and implementation in other
developing countries. This study develops an evaluation framework
for AETFP by incorporating agricultural ecological value into the
desirable output from an input-output perspective. Using the EBM-
GML model, the study quantifies AETFP across Chinese provinces
from 2012 to 2022. To further explore the effects of GF, the research
employs the two-way fixed effects model and spatial econometric
model to examine its direct, mediating, and spatial spillover effects
on AETFP. Additionally, a heterogeneity analysis based on regional
differences, types of grain function zones, and levels of digital
infrastructure is conducted to reveal how these positive effects are
realized in different contexts.

The main contributions of this study are: (1) The agricultural
ecological value is incorporated into the desirable output and
the EBM-GML model is used to measure AETFP level, and the
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spatial evolution characteristics of AETFP in each region are
analyzed. (2) This study provides a new perspective for improving
AETFP, especially considering the role of GF. In addition to the
direct effects, this study also reveals the spatial spillover effects
from green financial services across regions. (3) This study also
explores the impact mechanism of agricultural agglomeration on
the relationship between GF and AETFP, and expands the effect
channel of GF on AETFP.

2 Theoretical analysis and research
hypotheses

2.1 Green finance and agricultural
ecological total factor productivity

Green finance, as a new financial model that takes into account
both the economy and the environment, is an effective tool for
breaking through the traditional financial dilemma (Yuan et al,
2024). Based on Porter’s hypothesis, GF has become an important
driving force to improve AETFP by forcing agricultural entities to
break through ecological constraints with technological upgrading
and process optimization through market-based environmental
regulatory pressure and innovative incentive mechanisms. First,
it lowers the capital threshold for agricultural green technology
application. GF provides low-cost and long-term financing to
agricultural entities via green credit, green fund and other forms,
so that they can timely complete the upgrading of agricultural
production technology (Xu et al, 2023). At the same time, GF
effectively improves more efficient and environmentally friendly
technology research and development by guiding capital flow to
the field of green technology research and development. Second,
the investment structure of agricultural ecological resources should
be improved. On the one hand, through green subsidies or loans,
GF encourages farmers to reduce reliance on traditional inputs
like fertilizers and pesticides, while increasing the use of organic
fertilizers and ecological mulch, thereby lowering the ecological
and environmental costs of agricultural production (Mastini et al.,
2021). Meanwhile, by supporting precision agriculture technology,
GF helps agricultural producers maximize the use of limited
resources and reduce waste.

Third, it will reduce the negative externalities of the agricultural
ecological environment. The Environmental Kuznets Curve theory
suggests that improving environmental quality requires policy
support and economic incentives (Grossman and Krueger,
1995). By supporting environmental protection projects such as
agricultural waste resource utilization and farmland ecological
restoration, GF can effectively reduce negative externalities in
agricultural production and thereby improve the quality of the
agricultural ecological environment by supporting environmental
protection projects such as the resource utilization of agricultural
waste and the ecological restoration of farmland (Wang et al,
2023), and enhancing the anti-risk ability and stability of
agricultural ecosystem. Fourth, stimulate the transformation of
green behavior of agricultural subjects. As an important part of GF,
green insurance reduces the risk of green production of agricultural
subjects by protecting agricultural losses caused by climate
change or natural disasters, thus promoting the spontaneous
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transformation of green behavior of agricultural subjects (Lu et al.,
2024) and effectively improving AETFP. GF closely focuses on the
four core areas of agricultural production: technology, resources,
environment and behavior, which can effectively achieve the
synergistic development of economy and ecology, thus providing
crucial guarantee for the sustainable transformation of modern
agriculture. Accordingly, Hypothesis 1 is formulated as follows:
Hypothesis 1. GF can significantly improve AETFP.

2.2 Mechanism of GF to improve AETFP

Agglomeration of agricultural industry refers to the
concentration and coordinated development of agricultural
production factors and related industries in geographical space.
On the one hand, GF can invest in key segments of the agricultural
industry chain, such as processing, storage, and logistics,
promoting the concentration of these activities in specific regions
to form agricultural industry clusters. On the other hand, GF can
also support agricultural technological innovation and modern
infrastructure development, improve the efficiency of agricultural
production, thus attracting more enterprises and farmers to
concentrate in industrial agglomeration areas, and further promote
the development of agricultural industrial agglomeration (Xue
et al, 2023). Meanwhile, agricultural industry agglomeration
improves AETFP through large-scale, specialized and intensive
production mode. Specifically, firstly, the unified management and
planning of land resources in the agglomeration area reduces the
land waste caused by the scattered planting of small-scale farmland
and improves the land utilization rate (Bengochea Paz et al., 2022).
At the same time, through the land transfer mechanism, a large
amount of land is concentrated in the hands of agricultural subjects
with technological and capital advantages, which promotes the
promotion of efficient planting mode. Secondly, the agglomeration
effect promotes the rapid diffusion of technology. New technology
and management experience can spread rapidly in industrial
agglomeration areas, and the cooperation and knowledge sharing
among farmers can shorten the cycle of technology promotion
and improve the application level of green agricultural technology
(Wu et al,
industry can often form a synergistic effect in ecological protection

2020). Finally, the agglomeration of agricultural

and restoration, and the concentrated activities of agricultural
production subjects in the agglomeration areas help to build
regional ecological barriers, enhance ecosystem service functions,
and thus enhance the contribution of ecological value.

Hypothesis 2. GF can improve AETFP by promoting
agricultural industry agglomeration.

2.3 Spatial spillover effect of GF on AETFP

The theory of network externalities reveals the strengthening
mechanism of interdependence among economic entities,
providing a key perspective for understanding the spatial linkage
effect of green finance. The establishment of a green financial
system itself is a network composed of policies, technologies
and markets. When the coverage rate of green finance in
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a specific region increases, the access costs and cognitive
barriers in neighboring regions will systematically decrease. This
dimensionality reduction effect achieves gradient transfer to the
edge areas through the technology diffusion network, promoting
the spatial reconfiguration of all elements of agricultural ecology.
Cross-regional ecological governance projects supported by GF
can enhance the synergistic effect of regional ecosystems and
promote the optimization of agricultural ecological environment
in surrounding areas (Wu, 2023). At the same time, measures
such as soil pollution control and air quality improvement have
a natural diffusion effect, which has a positive spillover on the
ecological agricultural production conditions in surrounding areas.
The second is the technology diffusion effect. When advanced
green agricultural technologies supported by GF, such as ecological
planting and precision fertilization technology, are applied in core
areas, surrounding areas will quickly benefit through imitation and
learning (Yuan et al.,, 2024). The third is the resource allocation
effect. The investment of green financial institutions in ecological
agriculture projects not only focuses on the core areas, but also
extends the concept and technology of green production to
the surrounding areas through the linkage of industrial chain,
promoting the efficient allocation of resources across regions.
Fourth, the market diffusion effect. GF promotes the production of
green agricultural products in core areas, radiates to surrounding
areas through market mechanisms, and increases the ecological
added value of agricultural markets. In addition, the integration
of agricultural products market further strengthens the linkage
of agricultural ecological development between core areas and
surrounding areas. Accordingly, Hypothesis 3 is formulated
as follows:

Hypothesis 3. GF can improve AETFP in surrounding areas
through spatial spillover effect.

3 Methods and data
3.1 Model setting

3.1.1 Benchmark regression model
In order to verify the impact of GF on AETFP, a baseline
two-way fixed effects model is established:

AETFP;; = ag + a1GFt + 0, Xip + pi + 6 + €it (1)

In the above formula, AETFP represents the total factor
productivity level of agricultural ecology, GF represents the
development level of green finance, and X represents a series of
control variables; i and t represent province and year; u; and &;
represent provincial fixed effect and time fixed effect, respectively;
&; represents the random error term.

3.1.2 Spatial econometric model

Considering that GF may also have an impact on AETFP in
neighboring regions, this study constructs a spatial econometric
model for verification. A spatial weight matrix is introduced into
the benchmark model (Equation 1) and expanded into a spatial
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panel measurement model:

AETFP;; = ap + pW x AETFPM + YW x GF; + o1 GFjt
HYaW X Xip + onXip + i + 8¢ +eip (2)

In Equation (2), p is the spatial autoregressive coefficient,
W represents the spatial weight matrix; ¥; And 1, represent
the coefficient of the spatial interaction term with the control
variable. The model is called spatial Durbin model because it
contains spatial interaction terms between explained variables and
explanatory variables.

3.2 Measurement of AETFP

3.2.1 EBM-GML model

In this paper, agricultural ecological value as expected output
is incorporated into the AETFP growth measurement model. In
the process of agricultural production, the relationship between
energy consumption and carbon emissions is radial, while the
relationship between capital, labor and other inputs and carbon
emissions is non-radial. Epsilon-Based Measure model (EBM) is a
data envelopment analysis (DEA) method Based on slack variables,
which combines the advantages of radial and non-radial methods
and can measure the efficiency of DMUs more comprehensively
(Tone and Tsutsui, 2010). Therefore, this paper adopts EBM
model to measure agricultural ecological efficiency. The GML index
proposed by Oh (2010) has the advantages of transitivity and
avoidance of infeasible solutions. Therefore, in this paper, EBM
mixed distance function and GML index are combined to construct
EBM-GML model to measure and decompose agricultural ETFP.
The expression is as follows:

o = min |:<9 — &y % (w; — zi_)/x,-k) /
o i=1 ;
<¢ +é ( > Wi yme e X (wh - za—)/bwk»}
m=1 w=1

n
Z)‘-]xg‘f‘Z: =9x,~k,i: | BRI N
'S (3)
n
Z)‘j)/mj'f'zm =0upom=1- M
=1
n
> hjbuj 2z = Obypi =1, W
j=1

. - + -
A >0,z >0,z >0,z, > 0.

In the formula, p represents the efficiency value; 6 denotes
the radial model programming parameter; ey represents the core
parameter of both radial and non-radial models; N and M represent
the number of inputs and outputs, respectively; i, m and w denote
the non-radial input factors, desirable outputs, and undesirable
outputs, respectively; z and w represent the slack variables and
weights of each element; k indicates the decision-making unit
(DMU); w; represents the relative importance of each input
indicator; Aj denotes the linear combination coefhicient of the
DMU; z,-Jr and zﬁ_ represent the slack variables of the i-th desirable
output and the w-th undesirable output, respectively; w;” and
b—

Wi

represent the weights of the i-th desirable output and the
w-th undesirable output indicators, respectively; b,y is the w-th
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undesirable output of the k-th DMU. The formula for the GML
index is as follows:

14+ DG(Xt,yt, ut)
1+ DG(xH'l,yt'H, uH—l)
— EEC x ETC (4)

G4l (b1 t4+1 i1 ot
GML+(x+,y+,u+,x,y,u)=

If the value of GML"'T! exceeds 1, it signifies an improvement
in AETFP; If the value of GML“**! equals 1, it indicates that AETFP
remains unchanged; If the value of GMLHHL s <1, it indicates
that AETFP is declining. The GML index can be decomposed into
the Ecological Technical Efficiency Change Index (EEC) and the
Ecological Technical Progress Index (ETC). These two indices are
designed to more comprehensively assess the performance of GML
in ecological total factor productivity.

3.2.2 AETFP measurement index system

Current measurement is more focused on agricultural total
factor only in agricultural economic value for the desirable output
of traditional total factor is calculated, and the carbon emissions
and non-point source pollution of agriculture into the desirable
output of green way of measuring the total factor productivity.
AETFP should not only consider agricultural economic output,
but also agricultural ecological value. This study incorporates
agricultural ecological value as a desirable output and constructs
the AETFP index system, presented in Table 1. The input index
is composed of four factors: labor input, capital input, land input
and intermediate input. The number of employees in the primary
industry was selected as the proxy index for labor input, the stock of
agricultural physical capital was used as the proxy index for capital
input, and the sum of the total crop planting area and aquaculture
area was used as the proxy index for land input. The intermediate
input included five indicators: chemical fertilizer input, agricultural
film input, pesticide input, water resource input and energy input.
The undesired output index was measured by agricultural carbon
emissions. The desirable output index is composed of economic
value and ecological value. The economic value is calculated by
the total output value of agriculture as the proxy index. Finally,
this paper constructs the dynamic equivalent regulatory factor
model to estimate the agricultural ecological value of provinces in
different years.

3.2.3 Calculation of agricultural ecological value

In this paper, agricultural ecological service functions were
categorized into seven functions by classifying them as gas
regulation, climate regulation, hydrological regulation, waste
treatment, soil conservation, maintenance of biodiversity and
provision of aesthetic landscape. By constructing the dynamic
equivalent factor model as follows:

AESViy =Y " Ei X Ajit X Wit (5)

In the above formula, AESV;; represents the value of
agricultural ecosystem services in province i for year t, E; is the
dynamic standard equivalent at the national level, A; ; is the area of
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agricultural ecosystem category j in province i in year t, and W, ;; is
the nth ecosystem service dynamic equivalent regulating factor in
year t of province i.

Among them, this paper uses the five food crops of rice, wheat,
corn, soybeans and potatoes per unit area in China from 2012 to
2022 to calculate the dynamic standard equivalent, and adopts the
average net profit of grain production per hectare of farmland as
the ecological value of one standard equivalent factor. To reflect the
differences in agricultural ecological value in spatial and temporal
dimensions, the equivalent factors of seven service functions were
corrected by selecting the national net primary productivity of
vegetation (NPP), precipitation factor, soil retention factor and
accessibility factor. Therefore, based on Equation (5), this paper
constructs a region-level dynamic equivalent adjustment factor
model as follows:

Vi x Wi

W, — Vi x Wy ©)
bt Vs x W3
Vn4 X W4

In Equation (6), V, represents the nth ecological service value
equivalent factor of this type of ecosystem, and W, is the spatio-
temporal adjustment factor of NPP, which is expressed as the ratio
of the NPP of each region in the current year to the national average
annual NPP. W is the precipitation regulating factor, which is
expressed as the ratio of the precipitation of each region in the
current year to the national average annual precipitation. W3 is the
accessibility adjustment factor, which is expressed as the ratio of
the average road density of each region in the current year to the
national average road density. Wy is a soil conservation regulating
factor, which is expressed as the ratio of the area of soil erosion
control in each region in the current year to the national average
area of soil erosion.

3.3 Variable definition

3.3.1 Explained variable
Agricultural ecological total factor productivity (AETFP),
which can be calculated based on EBM-GML model.

3.3.2 Explanatory variable

Green finance (GF). This paper constructs an indicator system
for the development of green finance from six aspects: green credit,
green insurance, green investment, green support, green bonds,
and green funds, and uses the entropy weight method to calculate
the development index of green finance in each region. Among
them, green credit is expressed as the ratio of the total credit
amount for environmental protection projects in each region to the
total credit amount of that region. Green insurance refers to the
promotion degree of environmental pollution liability insurance,
which is measured by the ratio of environmental pollution liability
insurance income to total premium income. Green investment is
expressed as the ratio of investment in environmental pollution
control to GDP. Green support is expressed as the ratio of fiscal
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TABLE 1 Indicator system for measuring AETFP.

10.3389/fsufs.2025.1598130

Indicators Sub-indicators Basic indicators Specific evaluation indicators
Input Labor Labor Number of employees in primary industry Persons
Capital Capital Stock of physical capital in agriculture Yuan
Land Land Sum of total crop sown area and aquaculture area hm?
Intermediate input Fertilizer Amount of fertilizer used in agriculture Tons
Agricultural film Agricultural plastic film usage Tons
Pesticide Pesticide usage Tons
Water Total agricultural water use m?
Energy Total agricultural energy consumption Tonsce
Output Undesirable output Agricultural carbon emissions Total carbon emissions from agriculture Tons
Desirable output Economic value Total output value of agriculture Yuan
Ecological value Agricultural ecological value Yuan
environmental protection expenditure to fiscal general budget TABLE 2 Descriptive statistical results.
expenditure. Green bonds are expressed as the ratio of the total : . .
P . b Variables Observations Mean SD Min Max
amount of green bonds issued to the total amount of all bonds
issued. Green funds are represented by the ratio of the total AETFP 330 1100 | 0230 | 0461 | 1753
market value of green funds to the total market value of all GF 330 0330 | 0130 | 0.090 | 0.630
funds. The above six indicators are': all positive indicators. ‘To Ald 330 . 0160 | 0690 | 1380
ensure the robustness of the results, in the robustness test section
of this paper, green rights indicators are added to the original MECH 330 0350 | 0290 | 0010 | 1.340
green finance indicator system for robustness testing. The depth FSA 330 0120 | 0.060 | 0.020  0.340
of green rights development is measured by the ratio of provincial ADR 130 3121 | 1069 | 0410 | 69540
carbon trading, energy consumption rights trading, and pollution
. . . . INS 330 0650 | 0140 | 0350 | 0.970
discharge rights trading to the total transaction volume of the urban
rights market. TRA 330 0740 | 0430 | 0300 | 2.680
IRR 330 0440 | 0180 | 0170 | 1.230

3.3.3 Mechanism variable

Agricultural industry agglomeration level (AIA). Location
entropy is used to represent the level of industrial agglomeration,
that is, the ratio of the agricultural output value to the gross
production value of the region in that year divided by the ratio of
the agricultural output value to the gross production value of the
country in that year (Billings and Johnson, 2012).

3.3.4 Control variables

In order to exclude other factors interfering with the real
influence of GF on AETFP, this study adopts the practice of
Song et al. (2022) to select the following variables as control
variables. Agriculture-related expenditure (FSA) is represented
by the share of agricultural fiscal spending in total government
expenditure; Effective irrigation (IRR), which is defined as the
ratio of effective irrigation area to crop sown area; Agricultural
structure (INS), represented by the proportion of grain crops
in the total sown area of crops; The degree of opening up of
agriculture (TRA), which is the ratio of the total import and
export volume of agricultural products to the total output value of
agriculture; Disaster severity (ADR) is defined as the proportion
of affected crop area to the total sown area; And agricultural
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mechanization (MECH), which is expressed by the total power of
agricultural machinery.

3.4 Data sources and descriptive statistics

Given the data availability, Tibet and the Hong Kong, Macau,
and Taiwan regions are excluded from the study due to a large
number of missing values. The final research sample consists of
panel data from 30 provinces in China from 2012 to 2022, exploring
the impact of GF on AETFP. Agriculture-related indicators are
from China Statistical Yearbook, China Agricultural Yearbook,
China Rural Statistical Yearbook, and China Statistical Yearbook
on Science and Technology. The GF index is from China Statistical
Yearbook on Environment, China Finance Yearbook and China
Energy Statistical Yearbook. Table 2 shows the descriptive statistical
results of each variable. The value of AETFP ranges from 0.461
to 1.753, with mean and standard deviation of 1.084 and 0.230
respectively; the value of GF ranges from 0.090 to 0.630, with
mean and standard deviation of 0.330 and 0.130 respectively. China
regional AETFP and GF level there is a big difference. The statistical
values of the above control variables are within a reasonable range,
which can be analyzed in the next step.
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3.5 Spatial evolution characteristics

Based on EBM-GML model and the aforementioned index
system, the AETFP value of Chinese provinces from 2012 to
2022 was measured by MATLAB software, and the AETFP was
divided into four levels by the quartile classification method. Due
to space limitations, the ArcGIS10.8 software is used in this study
to visualize only the mean value of AETFP from 2012 to 2022, the
value of AETFP in 2012 and 2022, as shown in Figure 1. Figure la
shows that except for Shanghai, the average level of AETFP in
other regions during 2012-2022 is >1, indicating that AETFP is
increasing in most regions of Chinas provinces. Figure 1b shows
the distribution of AETFP in China’s provinces in 2012. The level of
AETFP in most provinces is mainly concentrated in the third tier,
followed by the fourth tier, Jiangsu, Shanxi and Heilongjiang in the
second tier, and only Beijing in the first tier. After 2022, the number
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of provinces in the first and second echelon increased significantly,
among which the coastal developed provinces grew faster, but some
regions such as Beijing and Tianjin fell to the fourth echelon.

4 Empirical results
4.1 Impact of GF on AETFP

In order to explore the relationship between GF and AETFP,
a two-ways fixed effect model was used for estimation, and the
results are shown in Table 3. Among them, column (1) and column
(2) are the estimation results without and with control variables,
respectively. From the estimation results of column (1), it can be
seen that the core explanatory variable GF has a positive impact
on AETFP, and it is significant at the level of 1%. The estimated
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TABLE 3 Baseline regression results.

Variables

GF 2.294** 2.484™**
(2.46) (2.64)
MECH 0.218*
(1.88)
FSA 0.012**
(2.02)
ADR 0.002
(0.92)
INS 1.596*
(2.28)
TRA 0.413
(0.94)
IRR —1.105
(—1.22)
Constant 0.603* —0.254
(1.95) (—0.47)
Time Fixed Fixed
Province Fixed Fixed
N 330 330
R? 0.211 0.249

*p <0.1,"p < 0.05, **p < 0.01. t values are in parentheses.

coefficient of GF in column (2) is 2.484, which is still at the
significance level of 1%. That means that for every 10% increase
in GE it will drive an average increase of approximately 22.6% in
AETFP, demonstrating the significant importance of promoting GF
development for enhancing AETFP. Hypothesis 1 is verified.

4.2 Robustness test

4.2.1 Change the explanatory variable

To ensure the robustness and comprehensiveness of the
empirical results, this paper further incorporates a green rights
indicator on the basis of the existing six-dimensional index system
of GF. This indicator is measured by the ratio of provincial
carbon trading, energy consumption rights trading, and pollution
discharge rights trading to the total transaction volume of the urban
rights market. Then, the GF index was reconstructed based on the
new indicator system and regression analysis was carried out. As
can be seen from column (1) of Table 4, the promoting effect of
GF on AETFP after including the green rights indicator remains
significant, indicating that GF plays an important role in promoting
AETFP both from the perspective of financial capital input and the
market mechanism of green rights, thereby further enhancing the
reliability and policy reference value of the conclusion of this paper.
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4.2.2 Instrumental variables

In spite of the above regression have taken control of many
variables and time and the individual, but may also occur because
of the endogenous omitted variable problem. Therefore, this paper
takes the GF reform pilot zone as the instrumental variable of GF,
and columns (2) and (3) of Table 4 are the regression results of
two-stage least squares (2SLS) method for instrumental variables.
The results indicate that in the first-stage regression, the estimated
coefficient of the instrumental variable for GF is 0.042, which
is significantly positive at the level of 5%. In the second stage
regression, regression coefficient is 2.200, GF to 5% significance
level is positive, shows that after considering the endogeneity
problem, GF for AETFP still has significant effect to ascend. Finally,
this paper conducts LM test and Wald F test, and the LM statistic is
48.056, which is significant at the level of 1%. The statistic of Wald F
testis 61.207, which is >16.38, passing the test of weak instrumental
variables, indicating that the instrumental variables selected in this
paper are reliable.

4.2.3 Replacement estimation model

The traditional linear regression model in dealing with non-
linear relations often have limitations, machine learning model to
better capture data in the non-linear model and interaction. At the
same time, this model can adapt to different types and sizes of data
sets, and has a stronger ability to deal with complex data structure
and eliminate bias, thus providing more robust causal inference.
Therefore, this study adopts dual machine learning model of the
relationship between GF and AETFP again, estimates by 1:4 sample
separation ratio, at the same time, select the Lasso regression
model respectively, gradient regression model and neural network
regression model to test, the results are shown in Table 4 (4) ~ (6).
Green financial estimates of the coefficients in the 1% significance
level are positive, showed that after replacement of estimation
model, GF still can significantly improve AETFP, the original model
regression results are reliable.

4.3 Spatial econometric model selection
and regression results

Table 5 reported China’s green financial and AETFP global
Moran index from 2012 to 2022, according to the results in the
table, GF and AETFP Moran index were significantly positive,
showed that the green financial and AETFP in the positive
significant spatial correlation. Therefore, this study can select the
corresponding spatial metrology model for the next test.

Prior to spatial model regression, LM test, Hausman test, and
LR test are conducted to select the suitable spatial econometric
model, with the results presented in Table 6. Among them, the
LM test results are significant at the level of 1%, rejecting the null
hypothesis, indicating that both the spatial lag model (SEM) and the
spatial error model (SAR) can be used, and the Hausman test results
also reject the null hypothesis at the level of 1%, so the fixed effect
model should be used. The LR test results reject the null hypothesis
at the level of 1%, indicating that the spatial Durbin model is better
than the spatial lag model and the spatial error model. Finally,
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TABLE 4 Robustness test.

10.3389/fsufs.2025.1598130

Variables
GF 1.967* 2.200% 2.435%%* 2.430%* 2.466*
(2.71) (2.09) (2.77) (2.73) (2.80)
v 0.042%
(2.32)
Control variables Control
Time Fixed
Province Fixed
LM statistic 48.056™**
Wald F statistic 61.207 (16.38)
N 330 330 330 330 330 330
R? 0.304 0.202 0.201
“p<0.05""p < 0.0l t values are in parentheses.
TABLE 5 Test results of Moran's index of GF and AETFP. TABLE 6 LM, LR and Hausmann test results.
GF AETFP Test method Statistics P-value

Moran’s | Moran’s | LM-lag 25.058 0.000
2012 0.227* 1.832 0.448"* 4.902 Robust LM-lag 22.661 0.000
2013 0.270* 2.174 0.284%* 3.229 LM-error 18.994 0.000
2014 0.232% 1.869 0.365"* 4.152 Robust LM-error 6.033 0.013
2015 0.229% 1.844 0.264** 2.934 Hausman test 28.81 0.000
2016 0.245% 1.978 0.214"* 2.615 LR-SDM-SEM 18.01 0.012
2017 0.356"* 2.867 0.421%* 4.676 LR-SDM-SAR 16.92 0.018
2018 0.355%* 2.865 0.323%* 3.628
2019 0.235% 1.893 0.376"* 4.180
2020 0.267% 2153 0.536"* 5950 methods, but also, through a variety of channels, such as the
oo P 2059 0223 S 476 cross-regional allocation of green financial institutions, agricultural

technology and regional ecological collaborative governance, has a

2022 0.339" 2811 0.3217 3.57 stronger impact on the surrounding areas.

“p<0.05"p < 0.0l t values are in parentheses.

the spatial Durbin model (SDM) with two-way fixed effects was
determined as the best model.

Columns (1) to (3) of Table 7 show the regression results
of the spatial Durbin model under the adjacency matrix,
economic-geographic nested matrix and geographic distance
matrix, respectively, and the spatial autoregressive coefficients of
GF are all significant at the 10% level, indicating that GF has a
positive spatial spillover effect. Secondly, the estimated coefficient
of W*GF is significantly positive at the 1% level, indicating that GF
has a promoting effect on AETFP in neighboring provinces, and
Hypothesis 3 is verified. Further decomposing the effect of GF on
AETFP, the regression results of the direct, indirect and total effects
of GF on AETFP are all significantly positive at the 5% level, which
indicates that GF not only directly improves AETFP by upgrading
the local agricultural green inputs and optimizing the production
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4.4 Test of influence mechanism

The theoretical analysis in the previous text indicates that AIA
is an important channel for the interaction between GF and AETFP.
Columns (1) and (2) of Table 8 report the results of the mechanism
test. Column (1) shows the regression result of GF’s influence on
AIA. The coefficient value of GF is 0.298, which is significantly
positive at the 5% level, indicating that GF can significantly
promote AIA. Column (2) shows the regression results after adding
AIA to the benchmark regression. The estimated coefficients of GF
and AIA are both significantly positive at the 5% level, indicating
that AIA can effectively improve AETFP. Meanwhile, to ensure the
feasibility of the results, this paper adopted Bootstrap sampling for
800 times. The results showed that the indirect effect was 0.827,
passing the 95% confidence interval, indicating that the mediating
role of AIA was significant, and hypothesis 2 was valid.
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TABLE 7 Estimation results of fixed effect model of spatial Durbin model.

10.3389/fsufs.2025.1598130

TABLE 8 Mechanism test results.

Variables AETFP AETFP AETFP Variables
(1) (2)
GF 2.630*** 1.999* 1.745* GF 0.298** 1.657**
(2.89) (2.16) (1.89) (2.41) (2.49)
Wx 4.005%* 4.204* 5.791%* AIA 2.766%*
(2.61) (2.09) (2.51) (2.76)
rho 0.161* 0.132* 1.108™* Constant 0.944* 2.084**
(1.93) (1.73) (2.23) (5.08) (3.31)
sigma2_e 0.036*** 0.036™** 0.036™** Control variables Control
(5.79) (5.82) (5.80) Time Fixed
Control variables Control Province Fixed
Direct effect 1.923* 1.892* 2.741% N 330 330
(2.11) (2.10) (1.85) RrR? 0.979 0.206
Indirect effect 3.027* 3.426** 1.815%* Indirect Effect 0.827
(2.33) (1.99) (2.59) 95% CI [0.030, 0.166]
Total effect 4.949*** 5.318* 4.556™" Direct Effect 1.657
(2.79) (2.26) (2.13) 95% CI [0.021,0.135]
R? 0.036 0.017 0.147 **p < 0.05,*p < 0.01. t values are in parentheses.

*p <0.1,"p < 0.05, **p < 0.01. t values are in parentheses.

4.5 Heterogeneity analysis

4.5.1 Heterogeneity analysis of regional division

According to the regional division of China, this paper divides
the samples into four regions: eastern, central, western and
northeastern regions. Table 9 shows the results of the impact of GF
on AETFP in these regions. According to the results in columns (1)
~ (4), GF in the eastern and central regions is significant at least
at the 5% level, but the estimated coefficient of GF in the eastern
region is larger than that in the central region, indicating that GF
in the eastern region has a stronger role in improving AETFP than
that in other regions. As mentioned above, the AETEP level in the
eastern region grows rapidly, and the popularization of financial
services and the development of GF are also relatively ahead. As
mentioned above, AETFP in the eastern region increases rapidly,
and the popularity of financial services and the development of GF
are relatively leading. The promotion effect of GF on AETEP level
in western China is not obvious, which may be due to the backward
financial development level, diverse climate and relatively lack of
agricultural resources in this region. All these factors may weaken
the role of GF in AETFP level.

4.5.2 Heterogeneity analysis of the division of
food functional zones

In this paper, each province is divided into the main grain-
producing region, the main grain-marketing region and the
balanced grain production and sales region. According to the
results of columns (1) ~ (3) of Table 10, only the main grain-
producing regions and the main grain-marketing regions have a
significantly increased impact of GF on AETFP, and the promotion
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TABLE 9 Heterogeneity analysis I.

Variables AETFP  AETFP AETFP ‘
Central West  Northeast
(2) (3) (4)

GF 4.058** 3.785%* 0.872 1.288
(2.31) (2.71) (1.23) (1.54)

Constant —2.676™* —4.286 0.959* 2.520
(—2.12) (—1.21) (1.70) (0.88)

Control variables Control

Time Fixed

Province Fixed

N 110 66 121 33

R? 0.259 0.296 0.109 0.409

*p < 0.1, p < 0.05,**p < 0.01. t values are in parentheses.

effect is greater in the main grain-producing regions. This may be
because major grain-producing regions usually have a large amount
of cultivated land and agricultural resources, and are the main bases
of grain production. These regions tend to be more dependent
on agriculture and therefore focus more on the sustainable
development of agriculture. By providing financial support and
preferential policies, GF promotes the innovation of agricultural
technology and the promotion of green production mode, thus
improving AETFP. The food production and marketing balance
area is between the main food production and marketing area, and
its agricultural resources are relatively rich, but agriculture is not
its main economic pillar. These regions may give priority to other
industries, so GF’s influence on AETFP is relatively weak.
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TABLE 10 Heterogeneity analysis Il.

10.3389/fsufs.2025.1598130

Variables AETFP AETFP AETFP AETFP AETFP
Main production Main sales Production and sales balance High digitization = Low digitization
(5)

GF 33728 3.066* 0.947 3.398% 1.266
(4.29) (1.74) (1.28) (3.31) (1.52)

Constant 1.139 —2.035 1.385* —2.265" 0411
(0.86) (—1.24) (2.09) (—2.01) (0.96)

Control variables Control

Time Fixed

Province Fixed

N 143 77 110 172 158

R 0.380 0.194 0.133 0.259 0.168

*p <0.1,"*p < 0.05,**p < 0.01. t values are in parentheses.

4.5.3 Heterogeneity analysis of digital
infrastructure

With the development of digital technology, it plays an
important role in the field of agricultural development. Therefore,
the difference in the development of digital infrastructure also
determines the effect of GF on AETFP. This paper comprehensively
calculates the level of rural digital infrastructure from six aspects:
the popularization level of rural mobile phones, the popularization
level of rural computers, the popularization level of rural Internet,
the rural power level, the construction of rural circulation facilities
and rural meteorological observation stations. According to the
median division of digital infrastructure, the samples are divided
into two groups: low-level and high-level. Table 10 shows the
results of the impact of GF on AETFP. According to the results
of columns (4) and (5), in the samples with a high degree of
digital infrastructure, GF is significantly positive at the level of 1%,
while in the samples with a low degree of digital infrastructure,
GF’s promotion effect on AETFP is not obvious, indicating
that compared with the regions with a low degree of digital
infrastructure, GF’s promotion effect on AETFP is stronger in the
regions with a high degree of digital infrastructure. The reason is
that the difference of digital infrastructure may affect the efficiency
of information circulation, the accessibility of technology and the
responsiveness of agricultural producers to GF policies. In the area
of digital high degree, agricultural producers can more easily access
to market information, technical guidance and financial support,
so as to more effectively deal with risks. However, in less digitized
regions, these resources may be relatively scarce, limiting the
utilization and response of agricultural producers to GF policies.

5 Discussions and conclusions

5.1 Discussions
Green is the background color of agriculture, and ecology is the

chassis of agriculture. This paper breaks through the limitations of
existing literatures that only focus on agricultural economic value
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as the desirable output, and incorporates agricultural ecological
value into the desirable output index. Taking China as an example,
this paper uses EBM-GML model to measure AETFP level. The
spatial evolution characteristics of AETFP in different regions of
China were investigated. Secondly, considering the role of GF in
agricultural development, this paper uses fixed-effect model and
spatial econometric model to explore the impact mechanism of
GF on AETFP, and reveals the spatial spillover effect from trans-
regional GF services. Finally, this paper not only explores the
agricultural industry agglomeration as an important channel for
GF to influence AETFP, but also examines the heterogeneous effect
of GF on AETFP in different regions, different food functional
areas and different digital infrastructure levels. The following is a
further discussion of the main conclusions: First, the analysis of
spatial evolution characteristics of AETFP shows that from 2012
to 2022, AETFP in China presents an overall trend of gradual
increase, especially in the eastern region. This phenomenon may be
due to the fact that the eastern region has better natural resources
and economic foundation, and the promotion and application
of ecological agriculture technology is more mature. Second, the
effect of GF on AETFP shows that GF can not only improve local
AETEFP, but also drive the increase of AETFP in surrounding areas
through spatial spillover effect. This result reflects the key role
of GF in agricultural modernization and ecologically sustainable
development. GF promotes the transformation of the agricultural
industry into an efficient, low-carbon and ecological industry by
channeling more funds into agricultural projects that meet the
requirements of ecological development. Meanwhile, consistent
with Wu's (2023) study, green finance can enhance the synergistic
effect of regional ecosystems and lead to the optimization of agro-
ecological environment in the surrounding areas.

Third, GF promotes AETFP through agricultural industry
agglomeration, revealing that GF promotes agricultural industry
agglomeration, forms synergy effect between upstream and
downstream of agricultural industry chain, and promotes efficient
utilization and sharing of resources. The agglomeration of
agricultural industry helps to coordinate the ecological resources
in the region, form a large-scale ecological governance model,
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and enhance the sustainability of the agricultural ecosystem.
Fourth, through heterogeneity analysis, it was found that the
promoting effect of GF on AETFP is particularly evident in
the eastern region, major grain-producing areas, and regions
with high digital infrastructure. On the one hand, the well-
developed property rights trading market and the mechanism for
realizing the value of ecological products in the eastern region
enable GF to accurately identify high-return green projects. In
contrast, market segmentation and information asymmetry in the
central and western regions have left GF stuck in traditional
agricultural credit, preventing it from activating the comprehensive
innovation required for the improvement of AETFP. Agricultural
basic conditions and digital technology support capabilities are also
important factors determining GF’s empowerment of AETFP.

Although this study has carried out rich and valuable
theoretical analysis and empirical test on the impact of GF on
AETFDP, there are still some limitations. Firstly, when calculating
AETFP in this paper, although agricultural ecological value was
introduced, the division of agricultural ecosystem service functions
might not be comprehensive enough. In the future, functions
such as food production and raw material production could be
considered to be added. Secondly, the research period of this paper
is from 2012 to 2022. Although it is representative to some extent,
it fails to cover the longer dynamic evolution process and may
have overlooked the long-term and lagging effects between green
finance and AETFP. In the evolution trend of AETFP, the impact
of major policy changes or external shocks was not taken into
account. Thirdly, this paper mainly conducts empirical analysis
based on provincial panel data, which may have data aggregation
biases. For instance, the suppression effect of GF agglomeration
in provincial capital cities on surrounding counties is averaged
out, and the differentiated impact of GF in geographical gradients
and ecological zoning cannot be captured at the provincial scale,
thus leading to the blurring of key spatial interaction mechanisms.
Future research can focus the research samples on the county-
level and leading agricultural enterprises to more comprehensively
reflect the enabling role of green finance.

5.2 Conclusions

Improving AETFP is the core driving force to promote
the construction of ecological civilization and achieve high-
quality agricultural development, a key measure to change the
mode of agricultural development and cultivate new driving
forces for agricultural growth, and a policy focus to narrow
the regional development gap and promote the coordinated
development of agricultural economy and ecological environment.
From the perspective of financial empowerment, this paper
explores the internal relationship between GF and AETFP through
theoretical analysis and empirical test. The main conclusions
are as follows: first, from the perspective of spatial evolution
characteristics, China’s overall AETFP continued to increase during
the investigation period, but the regional gap continued to
expand. The growth trend of AETFP in eastern and western
regions was obvious, while the central region showed a fluctuation
characteristic of first rising and then decreasing; Second, GF not
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only significantly improves local AETFP, but also drives the increase
of AETFP in surrounding areas through spatial spillover effect.
Third, GF can improve AETFP by promoting agricultural industrial
agglomeration; Fourth, the promotion effect of GF is particularly
obvious in eastern regions, major grain-producing regions and
regions with high digital infrastructure. According to the above
conclusion, put forward the following Suggestions:

First, the government should promote diverse planting
systems, agroforestry integration, and landscape optimization

to enhance the material circulation within agricultural
production systems. It can advance the adoption of
technologies such as biowaste treatment and precision

water-fertilizer management to enable comprehensive waste
processing throughout the agricultural production process,
thereby Additionally,
the government should optimize the allocation of regional

reducing environmental  impacts.
resources, ecological frameworks, and industrial layouts while
expanding agricultural functions to improve the functionality of
agricultural ecosystems.

Second, the government should strongly support digital
infrastructure and expand the coverage of agricultural
insurance, particularly by incorporating smallholder farmers
into insurance systems. It should promote innovation in
breakthroughs

in disruptive technologies for environment adaptation and

green agricultural technologies to achieve
establish technological demonstration bases in major agricultural
production areas.

Third, the government should establish and improve
ecological compensation mechanisms to encourage grain-
producing regions to adopt sustainable agricultural practices,
such as reducing the use of chemical fertilizers and pesticides,
protecting soil and water resources, and enhancing ecosystem
resilience. By implementing economic incentives such as
subsidies and tax reductions, the government can facilitate
farmers’ transition toward greener and more eco-friendly

production methods.
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