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Abstract: Based on the Peking University Digital Financial Inclusion Index and 2011–2018 provincial
panel data, this paper discusses the mechanism of digital financial inclusion on agricultural green
total factor productivity from both theoretical and empirical perspectives. The result shows that
digital financial inclusion can significantly increase China’s agricultural green total factor produc-
tivity, and the optimization of the agricultural industry structure can bring a significant “structural
growth effect”. A total of 8.42% of the positive effects of digital financial inclusion on agricultural
green total factor productivity are realized through the intermediary effect of agricultural industrial
structure optimization. Through further research, it is found that digital financial inclusion has
regional heterogeneity in the improvement of agricultural green total factor productivity. At the
same time, digital financial inclusion of different dimensions will also have a differential impact
on the improvement of agricultural green total factor productivity. In order to promote the green
development of agriculture, it is necessary to further improve the financial development environment,
optimize the structure of the agricultural industry, and formulate development policies for digital
inclusive finance in accordance with local conditions.

Keywords: digital financial inclusion; agricultural green total factor productivity; agricultural industrial
structure optimization; structural effect; mediation effect

1. Introduction

Since the reform and opening up, China’s agricultural development has made remark-
able achievements. The average annual growth rate of agricultural GDP has increased
from 2.2% before the reform and opening up to 4.5% [1], but the ensuing agricultural
pollution has become one of the most serious environmental problems we are currently
facing, and agriculture and rural areas are increasingly serious environmental problems
that seriously endanger the sustainable development of agriculture and the quality and
safety of agricultural products. Since the 18th National Congress of the Communist Party
of China, the CPC Central Committee and the State Council have attached great importance
to green development. The No. 1 Central Document has proposed to promote the green
development of agriculture for eight consecutive years. The green total factor productivity
of agriculture is measured by including resources and environmental factors [2], which can
better evaluate the agricultural productivity that meets the current agricultural economic
growth standards and examine the process of agricultural green development. Therefore,
improving the agricultural green total factor productivity (AGTFP) has become an impor-
tant way to solve the dilemma of “resources-energy-environment-sustainable growth” in
agriculture and realize the green development of agriculture [3].

With the rapid development of the economy, the negative impact of environmen-
tal pollution and ecological damage on society is becoming more and more serious. In
the traditional calculation process of total factor productivity, it is only guided by the
expected output and ignores the unexpected output such as pollution in the actual eco-
nomic operation and production process, so the measurement results will inevitably be
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biased. Therefore, in order to calculate the total factor productivity more accurately and
comprehensively, some scholars bring environmental factors into the traditional calculation
of total factor productivity. Pittman [4] included environmental pollution into the undesir-
able output for the first time when calculating the total factor productivity of paper mills.
Subsequently, Chung [5] proposed the Malmquist–Luenberger productivity index based on
radial DEA. Due to radial and angle selection, the traditional DEA model will bring some
calculation deviation. Therefore, Tone [6] constructed an SBM model based on relaxation
variables in 2001. Domestic agricultural research on GTFP started late, mainly using the
DEA method, namely the Malmquist index, ML index, SBM model, super-SBM model, and
GML index to measure productivity [7–13].

Among the many factors that improve productivity, the level of financial develop-
ment is an important factor [14–16]. As a scarce resource, the rational allocation of finance
means that it needs to flow to efficient departments and enterprises. The allocation of
financial resources in China presents the characteristics of low efficiency and unbalanced
mismatch [17]. With the maturity of technologies such as the Internet and big data, the
digital economy has flourished. General Secretary Xi Jinping emphasized the need to
increase the emphasis on the digital economy. Compared with the traditional financial
system, digital inclusive finance is a new digital financial model to achieve inclusive finan-
cial services, a financial system that can effectively and comprehensively provide services
to all social strata and groups [18], significantly affect rural financial needs, and promote
consumption [19]. Due to the “structural” driving effect of digital financial inclusion, it can
effectively correct the problems of “attribute mismatch”, “domain mismatch” and “stage
mismatch” in traditional finance [20]. The “partial environmental problem” formed by the
conditions [21], and indirectly drives the level of regional innovation through technological
innovation incentives and other means [22], reduces the degree of information asymmetry,
and significantly promotes technological innovation [23,24], which has a profound impact
on the upgrading and optimization of the industrial structure [25], thereby improving
urban green total factor productivity [26].

The existing literature provides a good idea for this paper, but it has not yet revealed
the mechanism of the effect of digital inclusive finance on agricultural green total factor
productivity, and there are few empirical studies involving the effect of digital inclusive
finance on agricultural green total factor productivity and heterogeneity. This paper con-
ducts theoretical sorting and empirical analysis to further clarify the relationship between
the two and provide new references for government decision-making. Firstly, this paper
theoretically expounds on the relationship and transmission path between digital Inclusive
Finance and agricultural green total factor productivity and puts forward the correspond-
ing research hypotheses. Secondly, using the digital inclusive finance index of Peking
University and the provincial panel data from 2011 to 2018, the super efficiency SBM-ML
index is constructed to calculate the agricultural green total factor productivity, and vari-
ous models are used to empirically verify the proposed theoretical hypothesis. Finally, it
tests the heterogeneity theoretical hypothesis of digital inclusive financial development on
agricultural green total factor productivity and provides empirical evidence for different
regions to formulate differentiated agricultural green development policies. We believe
that the possible marginal contributions of this paper are: firstly, it takes the optimization
of agricultural industry structure as the mediating mechanism, which is a more innovative
research perspective; secondly, it analyzes theoretically the impact and mechanism of digi-
tal inclusive finance on agricultural green total factor productivity, constructs a framework
mechanism of digital inclusive finance, optimization of agricultural industry structure
and agricultural green total factor productivity, and it expands the scope of research on
digital inclusive finance and provides new evidence for green agricultural development
and digital rural development.
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2. Theoretical Mechanisms and Research Hypotheses
2.1. The Logic of the Impact of Digital Financial Inclusion on Agricultural Green Total
Factor Productivity

The improvement of agricultural green total factor productivity is the key to realizing
agricultural green development. The development of the financial system has a significant
impact on the improvement of green total factor productivity by optimizing resource allocation
and promoting technological innovation [27]. Digital inclusive finance combines digital
technology with inclusive finance, drives the development of inclusive finance with the
promotion of digital information technology, and opens up the “last mile” of rural financial
services. The essence of digital inclusive finance is also finance. Therefore, digital inclusive
finance can also promote the improvement of agricultural green total factor productivity.

First, digital inclusive finance improves agricultural green total factor productivity by
accelerating rural financial efficiency, reducing rural financial costs, and increasing expected
output. By breaking the time and space constraints [28], digital inclusive finance reduces
transaction costs and financial service thresholds [29], establishes a point-to-point direct
connection between financial providers and demanders, and accelerates the flow of funds,
thereby improving financial efficiency. In this process, digital inclusive finance realizes
business intelligence by using artificial intelligence, digitalization and other technologies, and
ultimately reduces the operation and use costs of finance. Therefore, by giving play to the
function of resource allocation, digital inclusive finance improves the allocation efficiency
of capital use, improves the efficiency of the rural financial system, accelerates the speed of
capital circulation, and tilts more capital to places with high agricultural production yields
to improve agricultural production efficiency, thereby increasing the expected agricultural
output, and ultimately improving agricultural green total factor productivity.

Second, digital inclusive finance improves agricultural green total factor productivity
by easing financing constraints, improving the level of agricultural biotechnology, and
reducing undesired outputs. By promoting consumption, digital inclusive finance allevi-
ates the constraints of financing and liquidity [30,31], improves the allocation of regional
credit resources, improves the quality of consumption, and then improves the ability of
innovation [32,33]. The development of digital inclusive finance promotes the continuous
development of agricultural science and technology. With the continuous progress of
agricultural biotechnology, the consumption of chemical fertilizers, pesticides, and other
resources and pollution emissions required by agricultural production will be reduced, so
as to reduce the unexpected output of agriculture and finally improve the green total factor
productivity of Agriculture.

Accordingly, this paper proposes research Hypothesis 1:

Hypothesis 1. The development of digital inclusive finance can significantly improve China’s
agricultural green total factor productivity.

2.2. The Logic of Digital Inclusive Finance, Industrial Structure Optimization, and Agricultural
Green Total Factor Productivity

The upgrading of industrial structure is one of the important factors of modern eco-
nomic development [34,35]. The optimization of industrial structure mainly improves the
quality of economic growth by driving independent innovation capability [36]. Capital
is the key factor to promote the optimization of industrial structure. With the continuous
development of the financial system, finance can more effectively solve the problems of in-
formation mismatch and transaction cost, promote scientific and technological innovation,
and finally promote the optimization of industrial structure [37]. There are three main direc-
tions for the promotion of industry optimization and upgrading by digital inclusive finance.
First, is the factor allocation effect. A good level of financial development improves the
availability of resources [38], and financial institutions complete the formation and initial
accumulation of capital through deposit-taking and adjust the number of factor inputs with
respect to the optimal capital needed by enterprises to carry out production, which in turn
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strengthens the allocation function of resources, optimizes the allocation of credit funds
among industries, and promotes industrial structure upgrading [39]. Digital inclusive
finance, with its unique pioneering, extensive, universal, and targeted nature of modern
financial capital flows, effectively promotes and guides the market competition and rational
flow of production factors such as land, labor, and technology, improves the efficiency
of agricultural resource allocation, promotes the rationalization of agricultural industrial
structure, and can promote the development of agriculture from a higher level [40].

Second, is the consumption demand effect. Financial development not only promotes
income growth, but also greatly stimulates the increase in national consumption demand,
and the change in income elasticity among products also profoundly affects the consumption
structure of residents [41]. The upgrading and change in the consumption structure of the
population have continuously led to the optimization of the industrial structure on the demand
side. Digital inclusive finance vigorously extends the breadth and depth of financial services
through the use of network and digital technology and deeply stimulates the consumption
demand of social groups regarding agricultural development, thus promoting the continuous
optimization and upgrading of the industrial structure related to agricultural consumption
demand, and ultimately enhancing the level of agricultural development.

Third, is the technological innovation effect. Innovation is the source of economic de-
velopment [42]. Economic growth benefits from technological innovation and has a strong
positive externality [43]. The intrinsic mechanism of technological innovation acting on
industrial structure change is mainly through influencing the strong dynamics and specific
paths of industrial structure optimization [44]. Digital inclusive finance, first of all, as
modern finance, can organically participate in the process of industrial organization change,
technological innovation, equipment improvement, and human capital transformation
in agriculture promote the continuous development and growth of new intermediary
industries such as agricultural social services, and improve the technological innovation,
R&D investment and industrial total factor productivity of enterprises [45,46] so as to
increase the endogenous dynamics of industrial structure change, promote the advanced
development of agricultural industrial structure, and boost the high-quality development
of the agricultural industry.

The growth rate of total factor productivity can be divided into two parts: technolog-
ical progress and efficiency improvement. Efficiency improvement includes the rational
allocation of resources caused by industrial structure adjustment and the progress of soft
technologies such as agricultural operation and management technology [47]. Among them,
the “structural effect” arising from the adjustment of industrial structure is the internal
mechanism of improving total factor productivity [48–53]. With the continuous develop-
ment of digital inclusive finance, the threshold of rural credit has been lowered, farmers
can more easily obtain credit funds, the investment of agricultural resources and the degree
of mechanization have been correspondingly improved, and the ability of professional
division of labor has been continuously improved. In this process, such as labor capital
and other agricultural production factors and resources are constantly transferred from
sectors with low productivity and technology levels to sectors with high productivity and
technology levels [54]. The proportion structure of different sub-sectors within agriculture
(agriculture, forestry, animal husbandry, and fishery) has changed, forming a “structural
growth effect”, and the expected output of agriculture has increased, Finally, improving
agricultural green total factor productivity. The specific impact mechanism is shown in
Figure 1 below.
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Figure 1. Theoretical mechanism analysis diagram.

Due to the obvious “digital divide” effect, and subject to the level of e-commerce and
financial development, the development of digital financial inclusion in various regions in
China has been significantly differentiated [29]. The development level of inclusive finance
in the eastern region is significantly better than that in the central and western regions [55].
Therefore, there is a certain degree of heterogeneity in the effect of digital inclusive finance
on agricultural green total factor productivity in different regions of China.

Accordingly, this paper proposes research Hypotheses 2 and 3:

Hypothesis 2. Digital financial inclusion can indirectly promote the improvement of agricultural
green total factor productivity through the optimization of agricultural industrial structure.

Hypothesis 3. There is a certain degree of heterogeneity in the effect of the development of digital
inclusive finance on agricultural green total factor productivity.

3. Models, Variables, and Data
3.1. Construction of Agricultural Green Total Factor Productivity Model and Description of Variables
3.1.1. Super Efficiency SBM-ML Model Based on Unexpected Output

Referring to the SBM model considering unexpected output proposed by tone and
the “super efficiency” model further proposed by Andersen and Petersen [56], this paper
calculates the agricultural green total factor productivity of 30 provincial units in China
excluding Tibet. This paper takes each provincial unit as a decision-making unit, and the
elements of each decision-making unit include input variables of agricultural production
in each province, expected output, and unexpected output. The specific form of the model
is shown as follows:
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Among them, i = 1, 2, . . . , m; r = 1, 2, . . . q; j = 1, 2, . . . n(j 6= k). λ is the weight vector;
xik, yrk, utk is the input, expected output, and undesired output elements; s−, sy, su is the
relaxation variable; m, s1, s2 is the quantity of input and output factors; ρ∗ represents the
point where the production decision-making unit is closest to the technological frontier,
and the efficiency value calculated by this method can be greater than 1, so the accuracy of
the calculation of agricultural green total factor productivity can be improved.
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According to Chung et al. [5], the ML index from period t to t + 1 is calculated based
on the super-efficient SBM model of undesired output, which is expressed as:

MLt+1
t =

 1 +
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t
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1 +
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If MLt+1
t < 1, it indicates that the expected output decreases and the unexpected

output increases, and the agricultural green total factor productivity in the current pe-
riod is lower than that in the previous period. On the contrary, it shows that the cur-
rent agricultural green total factor productivity is improved. MLt+1

t can be decomposed
into green technology progress index MLTECHt+1

t and green efficiency improvement
index MLEFFCHt+1
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Among them, the green technology progress index MLTECHt+1
t refers to the progress

speed of the green technology frontier, that is, the dynamic change of the outward expansion of
the production possibility frontier. When MLTECHt+1

t > 1, it indicates that green technology
has made progress, otherwise, it indicates that it has regressed. The efficiency improvement
index MLEFFCHt+1

t measures the proximity of the actual production of the production
unit to the maximum production output and reflects the speed at which the technologically
backward catch up with the advanced. When MLEFFCHt+1

t > 1, it indicates that the
efficiency of green technology has improved, on the contrary, it indicates retrogression.

3.1.2. Variable Description

• Input variables

The input variables for each provincial unit are specified in Table 1 below.

Table 1. The input variables.

Variable Name Variable Characteristics Unit

Land input The sown area of crops. Thousand hectares

Labor input
Multiplying the employment of the primary industry by the
proportion of agricultural added value in the added value
of agriculture, forestry, animal husbandry and fishery [57].

Ten thousand people

Mechanical power input The total power of agricultural machinery. 10,000 kilowatts

Draft animals’ input The number of large livestock Million head

Irrigation input Effective irrigated area Thousand hectares

Pesticide input Pesticide usage. Tons

Agricultural film input The amount of agricultural film used 10,000 tons

Fertilizer input The pure amount of chemical fertilizer application. 10,000 tons
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• Output variables

The output variables for each provincial unit are specified in Table 2 below.

Table 2. The output variables.

Variable Name Variable Characteristics

Expected output In order to eliminate the price factor, this paper selects the total agricultural output value of each
provincial unit obtained by deflating 2011 as the base period, the unit is 100 million yuan.

Unexpected output

Agricultural undesired output refers to agricultural carbon emissions. Agricultural carbon
emission mainly refers to the greenhouse gases directly or indirectly produced in the process of

agricultural production due to chemical fertilizer, pesticides, energy consumption and land
tillage. Based on the research of Li [58], taking agricultural carbon emission as the unexpected
output, this paper selects six carbon sources of agricultural carbon emission in the process of

agricultural production: chemical fertilizer, pesticide, agricultural film, diesel, tillage, and
agricultural irrigation to calculate the total amount of agricultural carbon emission.

3.2. Econometric Model Construction and Variable Description
3.2.1. Benchmark Model

This paper is based on provincial panel data from 2011–2018, which are short panel
data and static panel models because the lag term of the dependent variable is not involved
in the construction of the model. When estimating panel data, it is often assumed that
individual regression equations have the same slope but can have different intercept
terms to capture heterogeneity, and this model is called an “individual effects model.”
Subsequently, a Hausman test is used to determine whether a fixed-effects model or
a random effects model applies to the panel data. In order to explore the relationship
between digital inclusive finance and agricultural green total factor productivity, regression
estimation of both is required. Therefore, in this paper, a regression model with agricultural
green total factor productivity as the explanatory variable and digital inclusive finance
index as the core explanatory variable will be developed as follows:

AGTFPit = α0 + α1 Indexit + ∑ αControlit + εit (7)

Among them, AGTFPit represents the agricultural green total factor productivity of
i provincial unit in year t, Indexit represents the development level of digital inclusive
finance, Controlit represents the control variable, εit represents the random error term, and
α0, α1, α2 represents the coefficient to be estimated.

3.2.2. Mediating Effect Model

Digital inclusive finance may indirectly drive the improvement of agricultural green
total factor productivity through the optimization of agricultural industry structure. This
paper attempts to clarify this mechanism of action using the mediating effect model, with
the following steps: first, the explanatory variable agricultural green total factor productiv-
ity is estimated by regression on the core explanatory variable digital inclusive finance, and
if the core explanatory variable is significant, then the next step is carried out. Second, the
mediating variable agricultural industry structure optimization is estimated by regression
on the core explanatory variable digital inclusive finance, and if the core explanatory vari-
able is significant, then the next step is, finally, the explained variable agricultural green
total factor productivity is estimated by regression on the core explanatory variable digital
inclusive finance and the mediating variable agricultural industry structure optimization,
and if the core explanatory variable and the mediating variable are still significant, the me-
diating variable plays a partial mediation effect, and if the mediating variable is significant
and the core explanatory variable is no longer significant, the mediating variable plays
a full mediation effect.

In order to clarify whether digital inclusive finance influences agricultural green
total factor productivity through a certain intermediary mechanism, this paper establishes
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the following model to test its intermediary effect and its mechanism by referring to the
research method of Baron and Kenny [59].

AGTFPit = β0 + β1 Indexit + ∑ βControlit + ωit (8)

Mediatorit = γ0 + γ1 Indexit + ∑ γControlit + ϕit (9)

AGTFPit = θ0 + θ1 Indexit + θ2Mediatorit + ∑ θControlit + δit (10)

Among them, Mediatorit is the intermediary variable and refers to the agricultural
industrial structure optimization index (YH).

3.2.3. Variable Description

• Explained variables

The explained variable used in this paper is agricultural green total factor productivity
(AGTFP). The agricultural green total factor productivity index calculated above is the
growth rate relative to the green total factor productivity of the previous year. In order to
obtain the agricultural green total factor productivity for this year, it is necessary to use the
method of Qiu [60] for reference to adjust the agricultural green total factor productivity
index accordingly.

• Core explanatory variables

This paper uses the China Digital Financial Inclusion Index (Index) jointly compiled
by the Digital Finance Research Center of Peking University and Ant Financial Group as
the core explanatory variable. The main use is the digital financial inclusion index of each
provincial unit from 2011 to 2018. In addition, coverage, usage, and digital are also used
to represent the coverage, depth of use, and degree of digitalization of digital inclusive
financial services, respectively. This paper calculates the logarithm of the above results.

• Control variables

According to the current stage of China’s agricultural development, the following
control variables are selected in this paper, as shown in Table 3 below.

Table 3. Control variables.

Variable Name Variable Characteristics Expected Direction

Agricultural structure (STR) The proportion of the added value of agriculture in the added
value of agriculture, forestry, animal husbandry and fishery. Positive

Income distribution (IND) The ratio of the per capita net income of rural households to the
per capita disposable income of urban households. Positive

Degree of disaster (NAT) The proportion of the affected area to the total sown area of crops. Negative

Degree of agricultural
mechanization (MEC) The total power of agricultural machinery per unit sown area. Uncertain

Education level (EDU) Drawing on existing research results, it is measured by the
average years of education [61]. Positive

Level of financial support to
agriculture (FIN)

The proportion of agricultural fiscal expenditure to
total fiscal expenditure. Positive

• Mediating variables

This paper refers to the calculation of the optimization of the agricultural industrial
structure by Kuang and Zhou [62] and uses the calculated agricultural industrial structure
optimization index (YH) as the intermediary variable. Agricultural industrial structure
optimization (YH) includes two dimensions: structural rationalization (TL) and structural
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advanced (H), which, respectively, account for 50% of the weight, and are specifically
expressed as:

YH = 0.5× TL + 0.5× H (11)

The rationalization of industrial structure (TL) is a reflection of the coupling degree of
factor input and output structure, which is usually calculated by the Theil index.

TL =
n

∑
i=1

Yi
Y

ln
(

Yi
Li

/
Y
L

)
(12)

Considering the particularity of agriculture, the added value realized by interme-
diate consumption of agriculture, forestry, animal husbandry, and fishery units (added
value/intermediate consumption) Yi/Li is selected to measure; Yi/Y is represented by the
proportion of industries in the total agricultural output value.

The upgrading of industrial structure (H) includes the change of proportional relation-
ship and the improvement of productivity.

H = ∑ vit × LPit (13)

Among them, vit refers to the proportion of the output value of industry i in time t,
and LPit is the labor productivity of industry i in time t. That is, vit is represented by the
proportion of the industrial output value in the total agricultural output value, and LPit is
represented by the added value achieved by the unit of intermediate consumption. Since
labor productivity has dimension, then labor productivity is standardized with “0–1”.

3.3. Data Sources and Descriptive Statistics

The data in this paper are mainly from China Statistical Yearbook, China Rural Statisti-
cal Yearbook, China Digital Financial Inclusion Index, etc. In this paper, 30 provincial-level
units in Mainland China except Tibet from 2011 to 2018 are taken as the research objects.
According to the division method of the National Bureau of Statistics, the country is divided
into four regions: eastern, central, western, and northeast. The descriptive statistics of
samples are shown in Table 4 below.

Table 4. Descriptive statistical analysis.

Variable
Mean Standard

Deviation Mean Standard
Deviation Mean Standard

Deviation Mean Standard
Deviation Mean Standard

Deviation

National Eastern Central Western Northeast

AGTFP 1.0666 0.1704 1.0729 0.2597 1.0342 0.1151 1.0657 0.1771 1.1134 0.2640
Index 5.0730 0.6700 5.2350 0.5531 5.0309 0.6859 4.9638 0.7339 5.0171 0.6858

Coverage 4.9037 0.8322 5.1432 0.5837 4.8146 0.8295 4.7445 1.0010 4.8675 0.7180
Usage 5.0578 0.6442 5.2650 0.5108 5.0757 0.5928 4.8789 0.7259 4.9872 0.6532
Digital 5.3923 0.7335 5.3501 0.8194 5.3982 0.7209 5.4276 0.6610 5.3913 0.7479

STR 0.5765 0.0900 0.5387 0.0639 0.5695 0.0701 0.6191 0.0969 0.5607 0.1107
IND 2.6706 0.4690 2.3933 0.2516 2.5948 0.2461 3.0881 0.3892 2.2161 0.4570
NAT 0.1607 0.1185 0.1219 0.1222 0.1639 0.0937 0.1878 0.1232 0.1836 0.1039
MEC 0.6327 0.2356 0.8046 0.2869 0.6362 0.1518 0.5091 0.1265 0.5051 0.0899
EDU 6.9147 0.0968 6.9940 0.0997 6.8965 0.0513 6.8532 0.0722 6.9127 0.0336
FIN 0.1134 0.0308 0.0887 0.0294 0.1134 0.0081 0.1325 0.0231 0.1257 0.0319
YH 0.2678 0.0813 0.2587 0.0599 0.2592 0.1073 0.2838 0.0883 0.2564 0.0429

According to Table 4, from 2011 to 2018, China’s average agricultural green total factor
productivity was 1.0666 > 1, indicating that during this period, China’s overall agricultural
green total factor productivity was in a state of progress. The average level in northeast
China is the highest, followed by that in eastern China, both of which are better than that
in central and western China. As for the digital inclusive finance development index, the
average of China’s overall development is 5.0730, and the eastern region has the highest
average development level by region. From the perspective of agricultural industrial
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structure optimization index, the overall agricultural industrial structure optimization
index of China is 0.2678, and there is some regional heterogeneity in different regions,
especially in the western region, the agricultural industrial structure optimization index is
the highest. The other control variables also reflect certain regional differences, which may
have a certain impact on agricultural green total factor productivity.

4. Analysis of Empirical Results
4.1. Analysis of Benchmark Regression Results

Considering that the possible outliers in the data will have an impact on the regression
results, this paper first conducts 1% tail reduction on all variables to reduce the interference
of extreme values and outliers on the regression results. Panel data are usually estimated
using the fixed-effects model and the random effects model. The Hausman test for Model
(7) shows that the null hypothesis is rejected at the significance level of 0.05, indicating
that fixed effects should be selected for model analysis. The specific regression results are
shown in Table 5 below.

Table 5. Benchmark regression results.

Fixed Effect (1) Fixed Effect (2) Random Effect (3)

Index
0.2745 *** 0.2509 *** 0.2463 ***

(3.79) (4.17) (5.54)

STR
6.1386 ** 3.0952 **

(2.62) (2.05)

IND
0.5089 ** 0.2722 **

(2.29) (2.37)

NAT
−0.4556 * −0.3072

(−1.7) (−1.02)

MEC
0.3379 0.2765
(1.06) (1.21)

EDU
2.4151 1.1590
(1.56) (0.82)

FIN
2.7348 1.7398
(0.57) (0.35)

-Cons
−21.9347 * −10.6924

(−1.77) (−0.98)
N 231 210 210
R2 0.1854 0.3455 0.3189

Note: 1© ***, **, * refer to the statistics being significant at the 1%, 5% and 10% levels, respectively. 2© The brackets
of regression (1) and (2) are the t-values of the coefficients, and the brackets of regressions (3) are the z-values of
the coefficients.

According to the results of Regression (1), there is a positive correlation between
agricultural green total factor productivity and digital inclusive financial index at the
significance level of 1%, which means that the improvement of digital inclusive financial
index is conducive to the improvement of agricultural green total factor productivity.
Regression (2) and (3) added corresponding control variables on the basis of Regression
(1), and the regression results all reflected a significant positive correlation between the
digital financial inclusion index and agricultural green total factor productivity. This may
be because the development of digital inclusive finance has provided convenient financial
services for the development of agriculture and rural areas, promoted the consumption of
regional agricultural products, and improved agricultural production technology, which in
turn led to the growth of agricultural green total factor productivity. Therefore, hypothesis
1 has been verified, that is, the development of digital inclusive finance can significantly
improve China’s agricultural green total factor productivity.

According to the regression results, the influence of control variables on agricultural
green TFP mainly includes the following aspects: (1) agricultural structure. The results
of Regressions (2) and (3) all show that agricultural structure has a significant positive
impact on agricultural green total factor productivity, which means that when the ratio of
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agricultural structure increases, agricultural green total factor productivity will increase.
When the proportion of agricultural added value is relatively large, it indicates that the
expected output increases, thereby improving agricultural green total factor productivity.
(2) Income distribution. The results of Regressions (2) and (3) show that there is a signifi-
cant positive correlation between income distribution and agricultural green total factor
productivity, that is, when the ratio of income distribution increases, agricultural green total
factor productivity will increase accordingly. The narrowing of the urban–rural income
gap means that the development conditions of agriculture are relatively good, thereby
improving agricultural green total factor productivity. (3) Natural disasters. The Regression
(2) results show that there is a significant negative correlation between natural disasters
and agricultural green total factor productivity. When natural disasters occur frequently,
the expected agricultural output and agricultural income will be affected, which will lead
to a significant reduction in agricultural green total factor productivity.

4.2. Analysis of the Results of the Mediation Effect Model

Taking the agricultural industrial structure optimization index (YH) as the mediating
variable, the mediation effect test of the Models (8), (9) and (10) is carried out. The empirical
results are shown in Table 6 below.

Table 6. Regression results of mediation effect.

Variable
Benchmark Regression Mediation Effect

AGTFP (4) YH (5) AGTFP (6)

Index
0.2509 *** 0.0085 * 0.2385 ***

(4.17) (1.95) (4.22)

YH
2.4852 *
(1.78)

STR
6.1386 ** 0.4056 *** 5.3222 **

(2.62) (2.95) (2.53)

IND
0.5089 ** −0.0076 0.5528 **

(2.29) (−0.51) (2.43)

NAT
−0.4556 * −0.0074 −0.4215

(−1.7) (−0.37) (−1.53)

MEC
0.3379 −0.0272 0.4079
(1.06) (−0.87) (1.26)

EDU
2.4151 0.0506 2.6195 *
(1.56) (0.34) (1.71)

FIN
2.7348 −0.2852 * 3.0672
(0.57) (−1.90) (0.65)

-Cons
−21.9347 * −0.2874 −23.6824 *

(−1.77) (−0.27) (−1.93)
N 210 209 206
R2 0.3455 0.2210 0.3738

Note: 1© ***, **, * refer to the statistics being significant at the 1%, 5% and 10% levels, respectively. 2© The inside of
regression parentheses are t values of coefficients.

Table 6 shows that digital financial inclusion index can promote the optimization of
China’s agricultural industrial structure, and then improve agricultural green total factor
productivity. The results of Regression (4) show that the direct effect of digital financial
inclusion index on agricultural green total factor productivity is significantly positive. The
Regression (5) results show that the digital financial inclusion index can significantly pro-
mote the optimization of the agricultural industrial structure. When the development level
of digital inclusive finance is improved, agricultural industrial institutions will be optimized
to a certain extent. The results of Regression (6) show that both digital financial inclusion
index and agricultural industrial structure optimization index are significantly positively
correlated, which indicates that the mediating effect plays a significant role. The proportion
of the mediating effect in the total effect is ab/c = 0.0085 × 2.4852/0.2509 = 0.0842, which
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indicates that on the national scale, 8.42% of the positive effect of digital inclusive finance
on agricultural green total factor productivity is realized through the intermediary effect of
optimizing agricultural industrial structure. Therefore, Hypothesis 2 has been verified, that
is, digital financial inclusion can indirectly promote the improvement of agricultural green
total factor productivity through the optimization of agricultural industrial structure.

4.3. Robustness Test

In order to ensure the robustness of the empirical results, this paper uses the follow-
ing two methods to test the robustness: (1) excluding municipalities directly under the
central government. Due to the special economic and political status of municipalities
directly under the central government, the ratio of agricultural production to economic
development is low, which may have an impact on the measurement results. Therefore,
this paper tests the robustness by excluding four municipalities directly under the Cen-
tral Government: Beijing, Tianjin, Shanghai and Chongqing. (2) Instrumental variable
method. Based on theoretical and practical judgments, there may be some endogeneity
between digital inclusive finance and agricultural green total factor productivity. On the
one hand, there may be a two-way causal relationship between digital inclusive finance and
agricultural green total factor productivity. That is, while digital inclusive finance affects
agricultural green total factor productivity, the improvement of agricultural green total
factor productivity may also lead to changes in the development level of digital inclusive
finance; on the other hand, the number of Internet websites was previously used as an in-
strumental variable in this paper, which may have endogeneity problems. Therefore, in
order to better avoid the insurmountable “endogeneity” problem of the model, this paper
chooses to use the one-period lagged variables of the digital inclusive finance index as the
instrumental variables to weaken the interference caused by the two-way causality [63],
and the spatial distance from the capital city to Hangzhou as the instrumental variable.
This choice was made in order to better avoid the problem of “endogeneity” that may be
difficult to overcome in the model [64]. The reason for choosing this instrumental variable
is that, on the one hand, Hangzhou is the “digital finance capital” of China, and the degree
of digital inclusive finance development is among the leading ones in China, and the closer
the region is to Hangzhou, the stronger the radiation effect of Hangzhou will be, and the
higher the degree of digital inclusive finance development will be; on the other hand, this
instrumental variable does not change with time and economic development level, and
will not affect agricultural green total factor productivity through some omitted variables,
which meets the condition of exogeneity of the instrumental variable. Considering that
the distance does not change with time, the product of the distance from each provincial
capital city to Hangzhou and the digital financial inclusion index in that year is finally set
as the instrumental variable. The specific regression results are shown in Table 7 below.

After excluding municipalities directly under the central government, Regression (7)
shows that digital inclusive finance still has a significant positive impact on China’s agricul-
tural green total factor productivity, and the estimation results are basically consistent with
the benchmark regression estimation results above, indicating that the development level
of digital inclusive finance can indeed promote the rise of agricultural green total factor
productivity during the study sample period, which once again verifies the robustness of
the test results. By selecting appropriate instrumental variables for regression analysis,
Regressions (8) and (9) shows that the estimation coefficient of the digital inclusive financial
index is positive and significant at the significance level of 5%, which is consistent with the
above analysis results, indicating that the analysis results of this paper are robust and there
is no endogenous problem.



Sustainability 2022, 14, 11450 13 of 18

Table 7. Regression results of robustness test.

Excluding Municipalities Directly
under the Central Government (7)

The Core Explanatory Variable
with a Lag Period (8) Distance to Hangzhou City (9)

Index
0.1818 *** 0.2038 ** 0.3840 ***

(4.22) (2.16) (3.91)

STR
6.2091 *** 5.7614 *** 5.0170 ***

(3.75) (4.98) (4.64)

IND
0.3122 ** 0.2325 0.6452 ***

(2.21) (1.21) (2.69)

NAT
−0.2444 −0.3831 −0.4683
(−1.19) (−1.35) (−1.63)

MEC
0.2878 0.2218 0.2732
(1.41) (0.88) (1.06)

EDU
0.9855 1.7387 0.8367
(0.79) (1.24) (0.64)

FIN
0.5319 0.7281 1.8371
(0.12) (0.26) (0.47)

-Cons
−11.0024 −15.5710 −10.9896
(−1.14) (−1.47) (−1.15)

N 178 184 188
R2 0.2963 0.8134 0.7455

Note: 1© ***, ** refer to the statistics being significant at the 1% and 5% levels, respectively. 2© The inside of
regression parentheses are t values of coefficients.

5. Heterogeneity Discussion and Analysis
5.1. Discussion on the Heterogeneity of Different Dimensions of Digital Inclusive Finance

Digital inclusive financial services are mainly reflected in three aspects: coverage,
usage, and digital. Coverage reflects the coverage of financial services. The depth of use
mainly refers to the total amount of actual use and the activity of use. The degree of
digitization considers factors such as convenience and cost. By discussing the influence
of different dimensions on agricultural green total factor productivity, the advantages of
digital inclusive finance can be more targeted. Specific regression results are shown in
Table 8 below.

The results in Table 8 show that the coverage breadth, depth of use, and degree of
digitalization of digital inclusive finance have a significant positive impact on China’s
agricultural green total factor productivity. Regression (11) shows that the depth of the
use of digital inclusive finance plays the most obvious and powerful role in promoting
agricultural green total factor productivity, followed by the degree of digitization of digital
inclusive finance, and finally the coverage of digital inclusive finance. When the coverage
breadth is improved, it means that the coverage of digital inclusive finance will be larger
in rural areas, and more and more people will enjoy the services of digital inclusive
finance, thus improving agricultural green total factor productivity. When the depth of
use is increased, users will be more active in the use of digital inclusive finance, and their
dependence on digital inclusive finance will increase, thus increasing agricultural green
total factor productivity. When the degree of digitalization increases, it indicates that the
service of digital inclusive finance is more and more convenient and the cost is lower, which
makes it easier for agriculture to obtain available funds, and then improves agricultural
green total factor productivity.
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Table 8. Analysis of regression results of heterogeneity in different dimensions.

Coverage (10) Usage (11) Digital (12)

Coverage 0.1684 ***
(2.79)

Usage 0.21516 ***
(3.13)

Digital 0.1817 ***
(4.71)

STR
4.9417 * 5.4019 * 4.9686 *
(1.81) (2.01) (1.84)

IND
0.4415 * 0.3801 * 0.3892 **
(1.83) (1.70) (2.18)

NAT
−0.3864 −0.4080 −0.4901 *
(−1.27) (−1.35) (−1.78)

MEC
0.5385 0.5320 0.4455
(1.41) (1.39) (1.25)

EDU
3.3934 * 3.1668 * 3.0471
(1.88) (1.81) (1.63)

FIN
2.6013 2.3706 3.8853
(0.57) (0.25) (0.74)

-Cons
−27.4989 * −26.2652 * −25.2074 *

(−1.98) (−1.92) (−1.72)
N 214 214 214
R2 0.2918 0.3021 0.3052

Note: 1© ***, **, * refer to the statistics being significant at the 1%, 5% and 10% levels, respectively. 2© The inside of
regression parentheses are t values of coefficients.

5.2. Discussion on Regional Heterogeneity

The driving effect of digital inclusive finance on agricultural green total factor produc-
tivity may be significantly different due to different regional development conditions. From
the perspective of economic and digital development, the development of different regions
in China shows obvious differences. By discussing the impact of digital inclusive finance
on agricultural green total factor productivity in different regions, this paper reveals the
impact of regional differences on agricultural green total factor productivity. The specific
regression results are shown in Table 9 below.

Table 9. Analysis of regional heterogeneity regression results.

Eastern (13) Central (14) Western (15) Northeast (16)

Index
0.3033 *** 0.1563 * 0.2249 * −0.0069

(3.92) (2.14) (2.09) (−0.02)

STR
−2.5268 3.7334 0.7163 23.0129
(−1.55) (1.77) (0.18) (1.39)

IND
0.0212 0.1629 −0.5122 −0.2295
(0.07) (0.99) (−0.79) (−0.67)

NAT
−0.1660 −0.0480 −2.3790 * −0.0900
(−0.6) (−0.21) (−1.84) (−0.16)

MEC
0.6337 −0.2306 −1.0019 1.1287
(1.05) (−1.44) (−0.79) (0.47)

EDU
0.2924 −1.4865 −8.2680 0.8953
(0.12) (−1.84) (−1.18) (0.06)

FIN
3.2511 −5.7032 −3.9086 20.7254
(0.63) (−1.24) (−0.77) (0.74)

-Cons
−1.6942 8.9253 59.6202 −19.7178
(−0.11) (1.44) (1.14) (−0.22)

N 80 48 88 24
R2 0.3509 0.4728 0.4028 0.5905

Note: 1© ***, * refer to the statistics being significant at the 1% and 10% levels, respectively. 2© The inside of
regression parentheses are t values of coefficients.
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The results in Table 9 show that digital financial inclusion in the eastern, central,
and western regions will significantly improve the level of agricultural green total factor
productivity, and the relationship between digital financial inclusion and agricultural
green total factor productivity in the northeast region is not significant. Among them,
the role of the eastern region is the most significant, followed by the western region,
and finally the central region. The reason is that compared with the central and western
regions, the eastern region has a more complete financial infrastructure and a higher level
of financial development. Digital inclusive finance and traditional finance can produce
a better complementary relationship, provide better financial services, and then improve
agricultural green total factor productivity. In addition, with the rise of central China and
the implementation of the western development strategy in recent years, digital inclusive
finance has developed rapidly in the central and western regions under the combined
development of eastern regions and their own development, which has brought about the
corresponding improvement of agricultural green total factor productivity. Due to the slow
development of the financial market and lagging technological innovation in northeast
China, digital inclusive finance has no significant impact on agricultural green total factor
productivity. Therefore, hypothesis 3 is verified, that is, the development of digital inclusive
finance has certain heterogeneity in its effect on agricultural green total factor productivity.

6. Conclusions and Policy Implications

To explore digital inclusive finance and the agriculture of the relationship between total
factor productivity and mechanism, this paper, from the theoretical analysis of the digital
inclusive finance impact on agricultural green total factor productivity mechanism, uses of
Peking University digital inclusive finance index and 2011–2018 provincial panel data. The
theoretical part puts forward the assumptions of empirical validation. Finally, the influence
of digital inclusive finance on agricultural green total factor productivity in different
regions is discussed. The research results show that, firstly, digital financial inclusion can
significantly improve agricultural green total factor productivity nationwide, and the results
are robust. Secondly, digital inclusive finance has significantly improved agricultural green
total factor productivity by optimizing the agricultural industrial structure, and 8.42% of
the positive effect of digital inclusive finance on agricultural green total factor productivity
is achieved by optimizing the agricultural industrial structure. Thirdly, digital inclusive
finance can significantly improve agricultural green total factor productivity in both eastern
and western regions, and the eastern region has the most significant impact.

Based on the research conclusions of this paper, the following policy recommendations
are proposed:

First, further improve the development environment of digital inclusive finance, and
vigorously develop digital inclusive finance. In the context of vigorously promoting the
green development of agriculture, in view of the fact that digital inclusive finance can signif-
icantly improve the green total factor productivity of agriculture, it is necessary to further
improve the financial environment, promote the development of digital inclusive finance,
and then realize the green development of agriculture and rural areas. Second, optimize the
agricultural industry structure and promote the rational layout of the agricultural industry
structure. Give full play to the positive role of digital inclusive finance in the optimization
of the agricultural industrial structure, guide the flow of funds to emerging agricultural
industries with high added value, improve the efficiency of factor allocation, promote
the improvement of agricultural economic benefits, and ultimately achieve the growth
of the green economy. Finally, digital inclusive financial policies should be formulated
according to local conditions to better develop an agricultural green economy. According
to the development characteristics and financial endowment of different regions, different
development policies of digital inclusive finance should be constructed to give full play to
the development advantages of digital inclusive finance and improve agricultural green
total factor productivity.
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Our study also has certain limitations. One is the limitation of research time, as this
paper draws on the Digital Inclusive Finance Index jointly compiled by the Digital Finance
Research Center of Peking University and Ant Financial Services Group, which spans
only 2011–2018, resulting in the problem of a short research time interval. Second, is the
limitation of the research scope. This paper only studied the impact of digital inclusive
finance on agricultural green total factor productivity at a macro level and did not analyze
and verify for microdata. Based on this, it is expected that we can try to draw on more
indicators or construct more reasonable indicators to represent digital financial inclusion
in the subsequent writing process in order to compensate for the limitation in time and to
extend the study to microdata to further verify the findings of this paper.
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