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Abstract: The green development of agriculture is an essential way to achieve high-quality agricul-
tural development, and the development of digitalization has given new momentum to the green
development of agriculture. In this study, based on the panel data of 30 provinces in China from 2011
to 2022, we measure the agricultural eco-efficiency and the level of digital agriculture development in
China using the Super-SBM model with global reference and the entropy value method, respectively.
The impact of the level of digital agriculture development on agricultural eco-efficiency is explored
with the help of a regression model, and the mediating role of pesticide and fertilizer inputs in this
impact pathway is explored using a mediating effects model. The study found that: (1) the level of
digital agriculture development positively and significantly affects agricultural eco-efficiency to a
relatively large extent; (2) the effect of digital agriculture development on the improvement of agricul-
ture eco-efficiency is significantly heterogeneous in different regions; (3) pesticide and fertilizer inputs
have a mediating role in this impact pathway. Therefore, the application and promotion of digital agri-
culture technology should be strengthened to build a green agricultural production and management
system, so as to promote high-quality and sustainable development of Chinese agriculture.

Keywords: agricultural eco-efficiency; digital agriculture development; Super-SBM; mechanisms;
impact effects

1. Introduction

China has been a major agricultural country since ancient times, and with the develop-
ment of the digital economy, the combination of agriculture and digitalization has gradually
become a must for high-quality agricultural development. In 2022, the State Council re-
leased the “14th Five-Year Plan for the Development of the Digital Economy”, which
proposes to vigorously improve the level of digital agriculture development, promote com-
prehensive information services for the “Three Rural Areas”, innovate the development of
smart agriculture, and improve the level of digital agriculture development across agricul-
tural production, processing, sales and logistics. Digital agriculture harnesses cutting-edge
technologies like the Internet of Things, Big Data, and Artificial Intelligence to reduce the
burden on farmers and increase agricultural productivity [1]. It also enhances the quality
of agricultural products, increases farmers’ incomes [2], promotes sustainable agricultural
development [3,4] and facilitates the prosperity of the rural economy. To this end, work on
building an agricultural digital service platform, promoting the digitization of the entire
agricultural industry chain, and accelerating the upgrading of the wisdom of agricultural
parks has also been carried out around the world, all of which play an essential role in
improving the efficiency of the agricultural system of production, building a modern agri-
cultural production system, and fostering the high-quality development of agriculture [5].
Chinese agricultural digitization is still in a relatively early stage; the relevant agricultural
digital infrastructure, digital networks, etc., are gradually building, the transformation and
upgrading of digital agriculture will take a period of time to build and develop, and the
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combination of agriculture and digitalization is the shift from traditional agriculture to
modern agriculture, and it is an essential part of the revitalization of the countryside and
the construction of a smart countryside [6,7].

In recent years, numerous scholars have assessed the agricultural eco-efficiency and
the level of digital agriculture development in China, and have carried out useful explo-
rations of the relationship between digital agriculture development in rural areas and
agricultural eco-efficiency. First of all, research on agricultural eco-efficiency primarily
concentrates on measuring and analyzing the spatio-temporal evolution of agricultural
eco-efficiency [8–11], the analysis of factors affecting agricultural eco-efficiency [12,13],
and the study of paths to improve agricultural eco-efficiency [14,15]. Secondly, research
on digital agriculture development mainly focuses on the measurement of the level of
digital agriculture development in China and the analysis of regional differences [16,17],
the paths and suggestions for digital agriculture development [18], and the exploration of
mechanisms such as digital agriculture development boosting high-quality development
and driving rural revitalization development [19–22]. Finally, in the exploration of the
relationship between digital agriculture development and agricultural green development
in rural areas, scholars generally agree that there is a significant correlation between them.
Shengyue Fan et al. [23] (2021) used a spatial econometric model to find that the level of
digitalization has a positive spatial spillover effect on the green development of agriculture;
Shaorong Jin et al. [24] (2022) found that rural digitization has a significant contributing
effect on the growth of green total factor productivity in agriculture and is mainly achieved
by promoting the advancement of agricultural technology; Xinxin Zhou et al. [25] (2023)
argued that digital agriculture significantly improves agricultural green total factor pro-
ductivity, and human capital plays a moderating role; Liping Zhao et al. [26] (2023) found
that rural digitization level enhancement can significantly promote agricultural carbon
emission reduction at the national level. With the rapid advancement of digital technology,
further investigation and research on the impact of digital agriculture development on the
green growth of agriculture is a crucial direction for the expansion of theoretical research.

By combing through the above literature, it can be seen that scholars are less likely to
study the mechanism and path of influence of the level of digital agriculture development
on agricultural eco-efficiency. Compared to the existing literature, this paper makes the
following marginal contributions: this study incorporates the net agricultural carbon sink
into the agricultural eco-efficiency measurement index system and constructs a relatively
comprehensive digital agriculture measurement index system; it investigates the impact of
digital agriculture development on agricultural eco-efficiency by means of a benchmark
regression and analyzes the extent of the impact and the heterogeneity between regions;
at the same time, the mediating effect model was used to analyze the mediating role of
pesticide and fertilizer inputs in the path of the impact of the level of development of digital
agriculture on agricultural eco-efficiency, in order to be able to provide relevant references
for the green development of agriculture, the construction of a strong agricultural country
and the revitalization of the countryside.

2. Theoretical Analysis and Research Hypotheses

With the development of digital agriculture, the agricultural and rural big data system
has been established and promoted and applied, and the new generation of information
technology such as the Internet of Things, Big Data, Artificial Intelligence, Blockchain
and other information technologies have also been deeply integrated with agricultural
production and operation [27–30]. Meanwhile, the progress in digital agriculture has
been integrated into all aspects of agricultural production. In terms of ecology, digital
technology can help farmers implement ecological conservation and restoration measures,
such as the creation of ecological corridors and the protection of wildlife. At the same
time, digital agricultural technology can help farmers diversify their planting structure and
crop rotation, reduce the pressure on the ecosystem caused by single-crop planting, and
help to protect biodiversity, promote ecosystem balance and restoration, and improve the
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stability of agro-ecosystems and their resistance to disturbances. In terms of monitoring
and early warning, digital agriculture can monitor soil status, climatic conditions and crop
growth through sensor networks, detect pests and diseases in a timely manner, provide
early warning and take measures to reduce the risk of agricultural eco-efficiency [31], thus
improving agricultural eco-efficiency. In terms of large-scale production, the application
of AI, 5G technology, etc., promotes standardized agricultural operations and improves
the level of agricultural mechanization and agricultural intensification of inputs, thus opti-
mizing the agricultural production process. In terms of agricultural management, digital
technology can provide accurate soil, weather, crop growth and other data to help farmers
achieve accurate fertiliser, application of fertilizer, irrigation and pest control, minimize
the usage of pesticides and fertilizers, and reduce pollution of the soil and the ecological
environment [32]; it can also achieve a rational allocation of resources and improve the
efficiency of input resource use. Overall, digital agriculture development improves agricul-
tural eco-efficiency by strengthening eco-environmental protection, improving agricultural
monitoring and early warning, promoting large-scale agricultural operations and achiev-
ing precise agricultural management. The specific impact process is shown in Figure 1.
Accordingly, this study proposes the first hypothesis.
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Hypothesis 1 (H1). The development of digital agriculture positively and significantly affects the
agricultural eco-efficiency.

Digital agriculture development has led to the full application of Artificial Intelli-
gence and Big Data in agricultural production, which allows farmers to understand soil
conditions, crop needs, and pests and diseases more accurately, so as to achieve precise
application of fertilizers and precise application of medicines [33]. This precision appli-
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cation decreases the overreliance on pesticides and fertilizers, avoids problems such as
soil eutrophication caused by excessive application of single-species fertilizers, reduces
the risk of fertilizer and pesticide residues and pollution, reduces the agriculture’s adverse
effects on the environment [34,35], and improves agricultural eco-efficiency. At the same
time, the scale and uniformity of this digital production method also prevents farmers from
arbitrarily determining the time of pesticide application, which can effectively reduce the
behavior of multiple pesticide applications brought about by inconsistencies in the time
and type of application [36], which is also conducive to the improvement in agricultural
eco-efficiency. Overall, the development of digital agriculture promotes the practice of
eco-friendly agriculture, and through ecosystem model optimization and precision manage-
ment, it can reduce the dependence on chemical pesticides and fertilizers, avoid the waste
of fertilizers and pesticides, improve the utilization of resources, adopt alternatives such as
organic fertilizers and biopesticides [37], improve agricultural eco-efficiency, and promote
the balance and stability of agroecosystems to promote the sustainable development of
agriculture. Accordingly, the second hypothesis is proposed in this study.

Hypothesis 2 (H2). Fertilizer and pesticide input intensity has a significant mediating effect on
the pathway of digital agriculture development on agricultural eco-efficiency.

3. Materials and Methods
3.1. Data Sources

In order to ensure the continuity and authenticity of the data, 2011–2022 was selected
as the sample interval for the study. Considering the completeness of the data, 30 provinces
and regions in China (excluding Tibet, Hong Kong, Macao and Taiwan) were selected for
the study. The raw data of the research indicators mainly come from the China Statistical
Yearbook, China Rural Statistical Yearbook, China Tertiary Industry Statistical Yearbook,
statistical yearbooks of provinces, municipalities and autonomous regions, and the official
website of the National Bureau of Statistics. For individual missing data, linear interpolation
was used to make up for them.

3.2. Variable Selection
3.2.1. Explained Variable

The explained variable in this study is agricultural eco-efficiency, which is mainly
obtained by selecting indicators from the input–output perspective and using the Super-
SBM model with global reference for measurement. Input indicators are selected from
the agricultural sown area, number of people employed in agriculture, irrigated area,
gross power of agricultural machinery, diesel use in agriculture, application of agricultural
fertilizer, pesticide use, and use of agricultural film, and desired output indicators are
selected from gross agricultural product (with 2011 as the base period) and net carbon sink
in agriculture, and based on which, a system of indicators for agricultural eco-efficiency in
China is constructed, as shown in Table 1.

The number of people employed in agriculture in the input section and the net carbon
sink in agriculture in the output section of the indicator system are not directly counted,
and the specific estimation methods used in this study are as follows:

• Number of people employed in agriculture

The number of people employed in agriculture is estimated by multiplying the num-
ber of people employed in agriculture, forestry, animal husbandry and fisheries by the
proportion of the total value of agricultural output in the total value of agricultural, forestry,
animal husbandry and fisheries output.

• Net carbon sink in agriculture

The agricultural net carbon sink is obtained by subtracting the total agricultural carbon
emissions from the total agricultural carbon sequestration.
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Table 1. Indicator system for measuring agricultural eco-efficiency.

Primary
Indicators Secondary Indicators Variable Description

Input

Land (103 hm2) Crop sown area
Labor (104 people) Number of people employed in agriculture
Irrigation (103 hm2) Irrigated agricultural area
Machinery (104 kw) Total power of agricultural machinery
Energy (104 t) Agricultural diesel usage
Fertilizer (104 t) Amount of agricultural chemical fertilizer applied
Pesticides (104 t) Pesticide usage
Membrane (104 t) Usage of agricultural membranes

output
Economic
(100 million CNY) Total agricultural production output value

Ecological (104 t) Net carbon sink in agriculture
Note: CNY is the Chinese currency and on 25 April 2024, 1 EUR = 7.64 CNY and 1 USD = 7.11 CNY.

Firstly, the agricultural carbon emissions are calculated with reference to the carbon
emission model and relevant coefficients of Bo Li et al. [38].

E = ∑ Ei = Ti × σi (1)

where E is the total amount of carbon emissions from agriculture, Ei is the amount of carbon
emissions from each type of carbon source, Ti is the amount of each type of carbon source,
and σi is the carbon emission coefficient of each type of carbon source. Among them,
pesticide is 4.9341 kg/kg, agricultural fertilizer is 0.8956 kg/kg, agricultural plastic film
is 5.18 kg/kg, agricultural diesel is 0.5927 kg/kg, agricultural ploughing is 312.6 kg/km2,
and agricultural irrigation is 20.476 kg/hm2.

Secondly, agricultural carbon sequestration was referred to in Kerang Li’s study [39],
which was calculated based on the economic coefficients, carbon sequestration rates, and
water content of the main crops, and the carbon content of each crop and other indicators
were quoted from the relevant literature [40,41].

C = ∑ Cj × Dj = ∑ Cj ×
(
1 − rj

)
Yj/Hj (2)

where C denotes total crop carbon sequestration; Cj denotes the carbon sequestration rate
of a crop; Dj, Yj and Hj denote the biological yield, economic yield and economic coefficient
of a crop, respectively; rj denotes the water content of the economic product part of the crop;
and j denotes the crop species. The crop species, economic coefficients, carbon sequestration
rates and water content selected for this study are shown in Table 2.

Table 2. Economic coefficients, carbon sequestration rates, and water content of major crops.

Crop Types Crop Names Carbon Sequestration Rate Water Content Economic Coefficients

Cereals

Rice (crop) 0.41 0.12 0.45
Wheat 0.49 0.12 0.40
Corn 0.47 0.13 0.40
Beans 0.34 0.13 0.45
Potatoes 0.42 0.70 0.70

Cash crop (economics)

Sugar cane 0.45 0.50 0.50
Sugar beet 0.41 0.75 0.70
Tobacco 0.45 0.85 0.55
Cotton 0.45 0.08 0.10
Peanut 0.45 0.10 0.43
Rapeseed 0.45 0.10 0.25

Garden crop Vegetables 0.45 0.90 0.65
Melons and fruits 0.45 0.90 0.70
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3.2.2. Core Explanatory Variable

The core explanatory variable in this study is the level of digital agriculture devel-
opment, which is measured using the entropy value method. Digital agriculture is the
use of digital information technology as a new agricultural production factor; digital
management of agricultural production and operation activities is carried out with the
assistance of digitalization, informatization and intelligence, to achieve the networked,
intelligent and refined operation of agricultural production. Starting from the connota-
tion of digital agriculture, this study is based on the China Digital Rural Development
Report (2019) and the 2020 Evaluation Report on the Level of Digital Agricultural and
Rural Development of National Counties, and draws on the relevant research results of
domestic scholars [16,42]. This study constructs an indicator system for measuring the
level of digital agriculture development from five levels: digital agriculture development
environment, digital agriculture infrastructure, human and technology resources, digital
agriculture green development, and digital agriculture economic benefits, as shown in
Table 3.

Table 3. Evaluation system of digital agriculture development level.

Dimension Indicator Property

Digital agriculture
development environment

Investment in fixed assets in transport, storage and postal services (CNY 100 million) +
Investing in fixed assets within the information transmission, software, and
information technology services industry (CNY 100 million) +

Gross power of agricultural machinery (104 kw) +
Rural electricity consumption (108 kw) +
Number of environmental and agrometeorological observation stations (Number) +

Digital agriculture
infrastructure

Rural year-end computer ownership per million households (Number) +
Rural year-end mobile phone ownership per million households (Number) +
Number of rural Internet broadband access subscribers (104 households) +
Rural cable broadcasting and television penetration rate (%) +
Length of long-distance fibre-optic cable routes (kilometres) +
Rural mail coverage (%) +

Human and technical
resources

Employees in the information transmission, software and information technology
services industry (104 people) +

Number of enterprises in the software and information technology services
industry (Number) +

Financial expenditure on science and technology (CNY 100 million) +
Total telecommunication services (CNY 100 million) +

Digital agriculture
green production

Fertiliser use (104 t) −
Pesticide use (t) −
Plastic film use (t) −
Effective irrigated area (103 hm2) +

Digital agriculture
economic benefits

Gross output value of agriculture, forestry, livestock and fisheries
(CNY 100 million) +

E-commerce sales (CNY 100 million) +
E-commerce purchases (CNY 100 million) +

Note: “+” for positive indicators, “−“ for negative indicators.

3.2.3. Control Variables

Referring to the pertinent existing research [43] and combining the characteristics of
China’s agro-ecological development, the control variables were selected as agricultural
resource endowment, level of financial support to agriculture, industrial structure, agricul-
tural disaster rate, land use intensity, agricultural machinery intensity and rural electricity
consumption. The selection of each variable and its description are shown in Table 4.
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Table 4. Description of variables.

Category Variable Selection Description of Variables

Explained variable Agricultural eco-efficiency (E) Measured by the Super-SBM model with
global reference

Core explanatory variable Level of development of digital agriculture (M) Measured by the entropy method

Mediating variables Pesticide use (104 t) (D1) Direct statistics
Fertiliser application in agriculture (104 t) (D2) Direct statistics

Control variables

Agricultural resource endowment (mu/person) (X1) Cultivated land area/number of people
working in agriculture

Level of financial support for agriculture (%) (X2)
Agriculture, forestry and water
expenditure/local general public
budget expenditure

Industrial structure (%) (X3) Value added of primary sector/GDP

Agricultural disaster rate (%) (X4) Area affected by crops/total area sown
with crops

land use intensity (%) (X5) Effective irrigated area/total sown area
of crops

Strength of agricultural machinery (10 kw/hm2) (X6)
Total power of agricultural
machinery/area sown with crops

Rural electricity consumption (108 kw) (X7) Direct statistics

3.3. Research Methods and Modelling
3.3.1. Super-SBM Model with Global Reference

The SBM model is developed from the DEA model. Considering that multiple
decision-making units located on the frontier cannot be compared, tone combines the
SBM model with the Super-DEA model to propose a Super-SBM model that can solve this
problem [44,45]. The Super-SBM model can better resolve the problem of multiple DMU
efficiency values of 1.0 in the results calculated by the traditional DEA model. The basic
principle of the Super-SBM Model lies in finding the effective decision-making units in the
SBM model and then sorting them with Super-SBM, and the Super-SBM model with global
reference can effectively solve the problem that the efficiency values cannot be compared
across periods. In order to obtain more accurate efficiency values, the Super-SBM model
with global reference is used in this study. The formula is as follows:

minρ =
1 − 1

m ∑m
i=1 s−i /xik

1 + 1
s ∑s

i=1 s+r /yrk
(3)

s.t.xk = Xλ+ s− (4)

yk = Yλ+ s+ (5)

λ ≥ 0, s− ≥ 0, s+ ≥ 0 (6)

where m and s denote the number of input and output indicators, respectively, s− and s+

denote the input and output slack variables, respectively, xk and yk denote the input and
output vectors of DMU, respectively, i and r denote the different evaluation units, and λ
is a column vector. ρ is an indicator of agricultural eco-efficiency, the larger ρ, the higher
the agricultural eco-efficiency; 0 < ρ < 1 denotes that there is room for improvement in
the agricultural eco-efficiency; ρ ≥ 1 indicates that agricultural eco-efficiency reaches the
effective level.

3.3.2. Entropy Value Method

In the multi-index comprehensive evaluation, the entropy method is more suitable for
evaluating different research objects in multiple time periods than the principal component
method and the equal weight determination method. In this study, the entropy method is



Sustainability 2024, 16, 4148 8 of 18

selected to calculate the weight of agricultural digitization indicators in each region, and
the standardized data are processed. The outlined steps are as follows:

In the first step, in order to eliminate the influence of its dimension and order of
magnitude, the positive and negative indicator data are standardized. The positive indicator
means that the higher the value of the indicator, the better the development of digital
agriculture. The negative indicator indicates that the smaller the value of the indicator, the
better the development of digital agriculture. At the same time, in order to prevent Zλij = 0,
the whole index is moved backwards by 0.0001 units, and the standardization method is
as follows:

Zλij = (aλij − min(aλij))/(max(aλij)− min(aλij)) + 0.0001 (7)

Zλij = (max(aλij)− aλij)/(max(aλij)− min(aλij)) + 0.0001 (8)

where aλij represents the original value of the λth year, the ith province, and the jth indicator,
and Zλij is the result after standardization.

The second step is the normalization of the indicators:

Pλij = Zλij/
h

∑
λ=1

m

∑
i=1

Zλij (9)

where h represents a total of h years and m represents a total of m provinces.
The third step involves calculating the entropy value for each index:

Ej = −k
h

∑
λ=1

m

∑
i=1

Pλijln Pλij (10)

The fourth step is to calculate the redundancy of entropy value of each index:

Dj = 1 − Ej (11)

The fifth step is dedicated to determining the weight of each indicator:

Wj = Dj/
n

∑
j=1

Dj (12)

where n represents a total of n indicators.
The sixth step is to calculate the level of digital agriculture development in each

province in each year:

Mλi =
n

∑
j=1

Zλij × Wj (13)

3.3.3. Kernel Density Estimation

The kernel density estimation method is a non-parametric approach to estimation,
which takes the data sample itself as the entry point, uses the probability density function
to fit, obtains a continuous and smooth density curve, and analyzes the characteristics of
the curve, such as the peak and ductility, to solve the problem. It is an important method
for solving practical problems using statistical methods. Its formula is:

f(x) =
1

nh

n

∑
i=1

K(
xi − x

h
) (14)

In the formula: f (x) is the density function, n is the number of observations, h denotes
the bandwidth, xi represents independent identically distributed observations, and K(x) is
the kernel function.
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3.3.4. Benchmark Regression Model

In this study, we constructed the following Benchmark Regression Model to explore
the influence of digital agriculture development levels on agricultural eco-efficiency:

Ei,t = α0 + α1Mi,t + δXi,t + µi + εi,t (15)

where Ei,t is agricultural eco-efficiency, Mi,t is the level of digital agriculture development,
Xi,t is the control variable, i represents the region, t denotes the year, α0 is the intercept
term, α1 and δ both denote variable correlation coefficients, µi represents the fixed effect,
and εi,t represents the random error term.

3.3.5. Mediating Effects Model

In order to verify whether there is a significant mediating effect of pesticide use and
agricultural fertilizer application between the level of digital agriculture development
and agricultural eco-efficiency, this paper constructs a mediating effect model based on
Equation (15) as follows:

Di,t = β0 + β1Mi,t + βXi,t + µi + εi,t (16)

Ei,t = λ0 + λ1Mi,t + λ2Di,t + λXi,t + µi + εi,t (17)

where Di,t denotes the mediator variable, β0 and λ0 is the intercept term, β1, β, λ1, λ2 and
λ denotes the variable correlation coefficient, and the other parameter values and symbols
are consistent with Equation (15).

4. Results
4.1. Analysis of the Spatio-Temporal Evolution of Agricultural Eco-Efficiency and the Level of
Digital Agriculture Development
4.1.1. Evolution of Agricultural Eco-Efficiency

In this study, the Super-SBM model with global reference was used to measure the
agricultural eco-efficiency of 30 provinces in China, and the years 2011, 2015, 2019, and
2022 were selected as the sample years to be demonstrated, and the specific results are
presented in Table 5. As Table 5 shows, on the whole, the agricultural eco-efficiency of
most provinces in China shows an upward trend, which is mainly due to the fact that
China has been implementing sustainable agricultural development policies, including
strengthening agricultural scientific and technological innovations, promoting refined
management, implementing agro-ecological compensation and other measures, which
have contributed to more environmentally friendly and efficient agricultural production.
Meanwhile, the overall agricultural eco-efficiency shows a large increase during 2019–2022,
which suggests that documents such as the National Strategic Plan for Quality Agriculture
(2018–2022) and the National Agricultural Green Development Plan for the 14th Five-Year
Plan released during this period have played a certain guidance. In terms of subregions, the
Northeast region has the highest average agricultural eco-efficiency among the four regions,
which is due to the fact that the Northeast region is the main agricultural production area
in China, with a higher level of large-scale and mechanized agricultural production. The
level of agricultural eco-efficiency in the eastern region was not high in the early years, but
has improved greatly in recent years, mainly due to the phenomenon of “polluting first,
treating later” that existed in the development of the eastern region in the early years.

In order to further explore the distribution dynamic evolution characteristics of China’s
agricultural eco-efficiency, the six years of 2012, 2014, 2016, 2018, 2020 and 2022 are selected
for observation in Kernel density estimation (Figure 2). As evident from the figure, the
location of the main peak shows the characteristics of “right-left-right”, showing a short
and small leftward shift from 2016 to 2018, and the main peak moves to the right in other
years, indicating that the overall level of agricultural eco-efficiency in China shows an
increasing trend. Among them, there are side peaks in 2012 and 2014, and the side peaks
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disappear after 2014, indicating that the absolute difference in agricultural eco-efficiency
among provinces decreases.

Table 5. Measurement results of agroecological efficiency in 30 provinces in China.

Regions 2011 2015 2019 2022 Average

Beijing 0.52 0.60 0.51 0.61 0.56
Tianjin 0.44 0.58 0.79 1.04 0.67
Hebei 0.42 0.47 0.56 0.70 0.52
Shanghai 1.02 0.67 0.69 1.02 0.79
Jiangsu 0.52 0.67 0.71 0.90 0.68
Zhejiang 0.29 0.40 0.55 1.02 0.50
Fujian 0.28 0.55 0.54 1.03 0.50
Shandong 0.43 0.52 0.59 0.72 0.55
Guangdong 0.46 0.64 0.81 1.05 0.68
Hainan 0.42 0.51 0.52 1.08 0.56
Eastern average 0.48 0.56 0.63 0.92 0.60
Shanxi 0.38 0.42 0.47 0.57 0.46
Anhui 0.38 0.42 0.46 0.60 0.46
Jiangxi 0.40 0.52 0.60 0.71 0.55
Henan 0.48 0.55 0.67 0.80 0.61
Hubei 0.45 0.51 0.56 0.72 0.54
Hunan 0.51 0.54 0.52 0.73 0.55
Central average 0.43 0.49 0.55 0.69 0.53
Liaoning 0.52 0.57 0.64 0.73 0.60
Jilin 0.64 0.67 0.84 1.01 0.78
Heilongjiang 0.62 0.73 1.01 1.02 0.85
Northeastern average 0.59 0.65 0.83 0.92 0.74
Inner Mongolia 0.45 0.49 0.63 0.73 0.59
Guangxi 0.95 0.86 0.97 1.04 0.95
Chongqing 0.49 0.63 0.62 0.79 0.61
Sichuan 0.57 0.67 0.74 1.00 0.70
Guizhou 0.35 1.01 0.81 1.05 0.74
Yunnan 0.39 0.46 0.65 1.00 0.58
Shaanxi 0.53 0.61 0.68 1.04 0.68
Gansu 0.29 0.37 0.40 0.52 0.37
Qinghai 0.37 0.45 0.53 1.02 0.54
Ningxia 0.38 0.53 0.59 0.72 0.55
Xinjiang 0.76 0.68 0.82 1.03 0.83
Western average 0.50 0.61 0.68 0.90 0.65
National average 0.49 0.58 0.65 0.87 0.62
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4.1.2. Evolution of the Level of Digital Agriculture Development

The level of China’s agricultural digitalization development from 2011 to 2022 is
calculated by the entropy method, and 2011, 2015, 2019 and 2022 are selected as sample
years for display, as shown in Table 6. As can be seen from Table 6, the level of digital
agriculture development has significant regional characteristics. As a whole, the trend of
changes in the level of digital agriculture development in the eastern, central and western
regions is broadly in line with that of the entire country as a whole, but there are still
large differences between different regions. In terms of regions, the eastern region is
mostly coastal cities, with significant advantages in economic foundation and agricultural
technology level over other regions, and its level of digital agriculture development has
always been higher than the national average and is in a leading position; the level of
digital agriculture development in the central region is close to the national average and
the gap is narrowing, exceeding the national average in 2020; the northeastern region as a
whole fluctuates little; the western region was at the bottom of the list in terms of digital
agriculture development until 2020 due to poor infrastructure development and relatively
backward economic development.

Table 6. Measurement results of digital agriculture development level in 30 provinces in China.

Regions 2011 2015 2019 2022 Average

Beijing 0.20 0.26 0.36 0.44 0.30
Tianjin 0.07 0.10 0.10 0.12 0.10
Hebei 0.16 0.20 0.26 0.27 0.22
Shanghai 0.15 0.25 0.28 0.31 0.24
Jiangsu 0.34 0.49 0.57 0.52 0.49
Zhejiang 0.20 0.26 0.37 0.34 0.29
Fujian 0.13 0.19 0.26 0.20 0.20
Shandong 0.24 0.34 0.45 0.51 0.38
Guangdong 0.35 0.44 0.67 0.62 0.51
Hainan 0.04 0.05 0.07 0.07 0.06
Eastern average 0.19 0.26 0.34 0.34 0.28
Shanxi 0.08 0.10 0.11 0.14 0.10
Anhui 0.11 0.16 0.23 0.28 0.19
Jiangxi 0.09 0.11 0.16 0.18 0.13
Henan 0.16 0.20 0.28 0.32 0.23
Hubei 0.12 0.20 0.29 0.28 0.22
Hunan 0.12 0.15 0.24 0.27 0.19
Central average 0.11 0.16 0.22 0.24 0.18
Liaoning 0.16 0.22 0.17 0.17 0.18
Jilin 0.09 0.12 0.13 0.11 0.12
Heilongjiang 0.11 0.14 0.17 0.16 0.15
Northeastern average 0.12 0.16 0.16 0.15 0.15
Inner Mongolia 0.09 0.11 0.13 0.15 0.12
Guangxi 0.08 0.12 0.17 0.20 0.14
Chongqing 0.07 0.10 0.16 0.20 0.13
Sichuan 0.14 0.21 0.33 0.32 0.24
Guizhou 0.06 0.09 0.15 0.16 0.11
Yunnan 0.08 0.10 0.16 0.16 0.13
Shaanxi 0.10 0.13 0.19 0.17 0.14
Gansu 0.06 0.07 0.10 0.11 0.08
Qinghai 0.04 0.05 0.06 0.06 0.05
Ningxia 0.04 0.05 0.06 0.06 0.05
Xinjiang 0.08 0.11 0.13 0.15 0.12
Western average 0.08 0.11 0.15 0.16 0.12
National average 0.13 0.17 0.23 0.23 0.19

In order to further explore the distribution and dynamic evolution characteristics of the
development level of digital agriculture in China, six years of 2012, 2014, 2016, 2018, 2020
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and 2022 were selected as observation time points for Kernel density estimation (Figure 3).
From the perspective of distribution, during the investigation period, the main peak of
digital agriculture development level nationwide is at a low level, and there is a side peak at
a relatively high level, indicating that most provinces have a low level of digital agriculture
development, while some provinces have a high level of digital agriculture development.
Through the control of provinces, it is found that the emergence of side peaks originates
from Guangdong Province and Jiangsu Province. The reason is that the good economic
environment, sound digital infrastructure and rich human resources of the two provinces
have provided an essential guarantee for the development of digital agriculture. With
regard to the distribution pattern, it shows a decrease in the height of the main peak and an
increase in the width, indicating that the gap in the level of digital agriculture development
between provinces and regions has become wider, and the absolute difference shows a
trend of enhancement. From the perspective of distribution extensibility, the distribution
curve shows a certain tailing phenomenon, indicating that the development level of digital
agriculture in some provinces is still higher than the national average level.
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4.2. Mechanisms of the Impact of the Level of Digital Agriculture Development on
Agricultural Eco-Efficiency
4.2.1. Benchmark Regression Analysis

Table 7 demonstrates the regression findings of the impact of the level of digital
agriculture development on agricultural eco-efficiency. In the analysis, in an attempt to
avoid the bias of estimation results due to multicollinearity, the variance inflation factor
(VIF) of the explanatory variables was initially calculated. The results revealed that all VIFs
of the explanatory variables were below 10, indicating the absence of multicollinearity and
enabling the conduct of regression analyses.

The regression outcomes from the benchmark model presented in Table 7 show that
the coefficients of the core explanatory variable, the level of digital agriculture development
(M) on agricultural eco-efficiency (E), are significantly positive and pass the 1% level of sig-
nificance in the cases of both not including control variables and including them. In terms of
regression coefficients, the regression coefficient of the level of digital agriculture develop-
ment (M) is 1.2454 when control variables are included, and the level of digital agriculture
development has the greatest degree of impact on agroecological efficiency compared to the
three control variables, namely, agricultural resource endowment (X1), agricultural disaster
rate (X4), and rural electricity consumption (X7), which have also passed the test of a signif-
icance level of 1%. This suggests that the development of digital agriculture is conducive to
enhancing agroecological efficiency, thus validating Hypothesis 1 of this study.
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Table 7. Benchmark model regression results.

Variables No Control Variables Include Control Variables

M 1.5281 ***
(6.71)

1.2454 ***
(5.15)

X1 0.0107 ***
(5.26)

X2 −1.4410 *
(−2.02)

X3 0.3574
(0.43)

X4 −0.2644 ***
(−3.12)

X5 −0.2200
(−1.37)

X6 −0.0268
(−0.18)

X7 −0.0002 ***
(−4.11)

_cons 0.3336 ***
(7.85)

0.5092 ***
(3.52)

R2 0.2612 0.4621
N 360 360

Note: * and *** indicate significance levels at 10% and 1%, respectively.

The reason why digital agriculture development can enhance agricultural eco-efficiency
is that it can effectively integrate and utilize information technology to achieve accurate
agricultural management. Through sensors, remote sensing technology, drones and other
digital tools, agricultural producers can monitor real-time data on soil moisture, crop
growth, pests and diseases, so as to accurately apply fertilizers and irrigation, reduce the
use of pesticides and fertilizers, reduce the negative impact on the ecological environment,
and enhance the agricultural eco-efficiency.

In addition, from the regression results of other control variables, agricultural resource
endowment (X1), level of financial support to agriculture (X2), agricultural disaster rate
(X4) and rural electricity consumption (X7) all passed the test of significance in statistical
significance and in economic significance in the direction of the expected impact. Agricul-
tural resource endowment, measured in terms of arable land area per capita, is significantly
positive at the 1% level, and is usually accompanied by agricultural modernization and
scientific and technological progress, which allows agricultural production to be more
finely managed, reducing resource waste and environmental burdens, thus improving agri-
cultural eco-efficiency. The significantly negative level of financial support for agriculture
probably stems from the fact that the scope of China’s financial assistance to agriculture is
not limited to various types of agricultural machinery and agricultural machinery social-
ization services, but may also have a certain proportion of fertilizers, pesticides and other
elements of agricultural materials. The significantly negative effect of agricultural disaster
rate on agricultural eco-efficiency is mainly due to the negative impact of natural disasters
on agricultural production and ecosystems. The main reason for the significantly negative
rural electricity consumption may lie in the relationship between electricity consumption
and energy sources, which, if the increase in rural electricity consumption relies mainly
on traditional fossil energy sources such as coal or oil, will lead to more greenhouse gas
emissions and environmental pollution, exacerbating the problems of global warming and
atmospheric pollution, thus harming the health of agro-ecosystems.

4.2.2. Robustness Tests

In order to ensure the reliability of the main findings of this paper, the main effects
were tested for robustness in different ways. Firstly, the methodology of the model study
was changed and the model was re-estimated using tobit regression, the results of which
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are presented in column (1). Then, the lag order of the explanatory variables was adjusted
for verification. Generally speaking, the explanatory variables in the early period will have
a sustained impact on the later agricultural eco-efficiency. Taking into account the time lag
problem, the explanatory variables lagged one period into the model to re-test the impact
on the agricultural eco-efficiency; the regression outcomes are given in column (2). Finally,
the method of measuring the explanatory variables is changed, and agricultural carbon
emissions are included in the indicator system of agricultural eco-efficiency measurement
as non-desired outputs, and agricultural eco-efficiency is re-measured using the Super-SBM
model with global reference that includes non-desired outputs, and the regression results
are given in column (3). As Table 8 shows, three robustness tests are conducted and there is
no essential change in the sign and significance of the coefficients of the core explanatory
variables, and the levels of digital agriculture development are all positively significant at
the 1% level, indicating that the estimates are robust.

Table 8. Robustness test results.

Variables (1)
E

(2)
E

(3)
E

M 1.245 ***
(8.443)

1.274 ***
(7.824)

1.285 ***
(5.257)

Control variable YES YES YES

_cons 0.377 ***
(3.101)

0.536 ***
(4.634)

0.510 ***
(3.454)

R2 0.453 0.447
N 360 330 360

Note: *** indicate significance levels at 1%.

4.2.3. Heterogeneity Tests

The impact of the level of digital agriculture development on agricultural eco-efficiency
is likely to be heterogeneous across regions, influenced mainly by inter-regional differences
in ecological environment, infrastructure and policies. First, ecological differences between
regions can lead to different ways of practicing digital agriculture, and factors such as
climate, soil type, and topography can affect the applicability and effectiveness of digital
agricultural technologies. Second, the level of development of agricultural infrastructure
varies from region to region, including differences in network coverage, electricity supply
and agricultural technical services, which can affect the degree of adoption and application
of digital agricultural technologies. In addition, policy support and financial inputs vary in
different regions, which may affect the pace and depth of digital agriculture development.

The results of the heterogeneity test are shown in Table 9, from which it can be seen
that the level of digital agriculture development in the eastern, central and western regions
has a significantly positive impact on agricultural eco-efficiency and passes the test of
significance at least at the 5% level, and the impact is not significant in the northeast region.
The main reason for this phenomenon may be that the application of digital agricultural
technology is more widespread and deeper in the eastern region, probably due to its
developed economy and higher level of technology; the central region is at an intermediate
stage in the development of digital agriculture, and although its level of development is
slightly lower than that of the eastern region, it still has better infrastructure and policy
support, which contributes to the promotion and application of digital agriculture. The
western region, on the other hand, is likely to benefit from focused government support
and investment in the development of digital agriculture, which, coupled with the region’s
relatively fragile agro-ecology, can be more directly improved by the implementation of
digital agriculture; the non-significant results in the Northeast may be due to the fact that
its special geographic and climatic conditions impose certain limitations on the application
of certain digital agriculture technologies. In addition, the Northeast is dominated by
grain cultivation and has a relatively low degree of agricultural diversification, which may
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lead to the application of digital agriculture in the Northeast being less effective than in
other regions.

Table 9. Heterogeneity test results.

Variables
Eastern Region Central Region Northeastern Region Western Region
E E E E

M 0.5386 **
(2.1870)

1.1458 ***
(5.2976)

−0.8579
(−0.5222)

1.9738 ***
(4.6884)

Control
variable YES YES YES YES

_cons 1.2985 ***
(5.2913)

0.3951 ***
(3.4625)

0.0707
(0.2111)

0.3232
(1.2745)

R2 0.421 0.888 0.488 0.500
N 120 72 36 132

Note: **, and *** indicate significance levels at 5% and 1%, respectively.

4.2.4. Analysis of Mediating Effects

As mentioned earlier, the level of digital agriculture development may affect agri-
cultural eco-efficiency by influencing pesticide use and agricultural fertilizer application.
In order to verify this mechanism, it is necessary to demonstrate the effect of the level
of digital agriculture development on the mediating variable and then the effect of the
mediating variable on agricultural eco-efficiency. Columns (2) and (3) of Table 10 show
the estimation results of the effect of the level of digital agriculture development on the
mediating variables. The results show that the effects of the level of digital agriculture
development on pesticide and fertilizer inputs are all negatively significant at the 1% level,
i.e., as the level of digital agriculture development increases, agricultural production can
be monitored and managed more accurately and intelligently for precise fertilizer and
pesticide use, and pesticide and fertilizer inputs will decrease. Columns (4) and (5) of
Table 10 demonstrate the effect of the mediating variables on agricultural eco-efficiency
and show that the estimated coefficients of both pesticide use and agricultural fertilizer
application are significantly negative at the 5% level, suggesting that pesticide and fertilizer
inputs exacerbate surface source pollution and thus reduce agricultural eco-efficiency. Thus,
the level of digital agriculture development affects agricultural eco-efficiency by influencing
the amount of pesticide and fertilizer inputs. Thus, Hypothesis 2 of this study was tested.

Table 10. Results of the mediation effect test for pesticide and fertilizer application rates.

Variables
(1) (2) (3) (4) (5)
E D1 D2 E E

M 1.245 ***
(5.149)

−12.129 ***
(−5.610)

−224.734 ***
(−4.030)

0.878 ***
(3.064)

0.850 ***
(3.257)

D1 −0.030 **
(−2.696)

D2 −0.002 **
(−2.726)

X1 0.011 ***
(5.263)

−0.049 **
(−2.105)

0.033
(0.105)

0.009 ***
(4.571)

0.011 ***
(5.610)

X2 −1.441 *
(−2.018)

9.965
(1.311)

347.689 ***
(3.545)

−1.139 *
(−1.709)

−0.829
(−1.174)

X3 0.357
(0.426)

12.348
(1.231)

5.883
(0.041)

0.732
(1.021)

0.368
(0.443)

X4 −0.264 ***
(−3.120)

0.855
(1.119)

1.928
(0.236)

−0.238 **
(−2.712)

−0.261 ***
(−3.120)

X5 −0.220
(−1.375)

0.621
(0.603)

−1.871
(−0.108)

−0.201
(−1.276)

−0.223
(−1.420)

X6 −0.027
(−0.182)

0.273
(0.467)

17.631 *
(1.895)

−0.018
(−0.124)

0.004
(0.028)
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Table 10. Cont.

Variables
(1) (2) (3) (4) (5)
E D1 D2 E E

X7 −0.000 ***
(−4.106)

0.001 *
(1.704)

0.013 **
(2.271)

−0.000 ***
(−3.557)

−0.000 ***
(−3.067)

_cons 0.509 ***
(3.516)

5.437 ***
(3.537)

175.204 ***
(10.932)

0.674 ***
(4.532)

0.818 ***
(4.514)

N 360 360 360 360 360
r2 0.462 0.570 0.460 0.482 0.486

Note: *, **, and *** indicate significance levels at 10%, 5%, and 1%, respectively.

5. Conclusions and Recommendations

Based on the panel data of 30 provinces in China (excluding Tibet, Hong Kong, Macao
and Taiwan) from 2011 to 2022, this study measured agricultural eco-efficiency with the
help of the Super-SBM model with global reference, measured the level of digital agriculture
development with the help of the entropy method, empirically examined the influential rela-
tionship between the level of digital agriculture development and agricultural eco-efficiency
with the help of the fixed effect model, and empirically tested its influential relationship
using the mediating effect model to analyze the influence mechanism. The following
conclusions were obtained: first, the level of digital agriculture development positively and
significantly affects agricultural eco-efficiency, which means that agricultural eco-efficiency
increases as the level of digital agriculture development increases; second, the effect of
digital agriculture development on the improvement of agricultural eco-efficiency is signif-
icantly heterogeneous in different regions, with a significant positive effect on agricultural
eco-efficiency in the eastern, central and western regions, and a non-significant effect in the
northeastern region; third, fertilizer and pesticide inputs have a mediating role in the path
of the impact of the level of digital agriculture development on agricultural eco-efficiency,
which means that an increase in the level of digital agriculture development reduces the
amount of pesticide and fertilizer inputs, thus increasing agricultural eco-efficiency.

Despite the extensive and in-depth research conducted in this paper, a number of
limitations remain. Firstly, the sample of this paper is not comprehensive enough; due
to the large amount of missing data from Tibet and Hong Kong, Macao and Taiwan, the
research sample of this paper only chooses 30 provinces in China. Secondly, this paper
only examines the impact of the level of digital agriculture development on agricultural
eco-efficiency without discussing in depth its impact on the environment or biodiversity.
Based on this, in the future, we will choose to carry out research in the following aspects:
firstly, we will expand the research sample, spatially try to refine the research level from
the provincial level to prefectural cities, and temporally track this issue in the long term;
secondly, interdisciplinary cooperation should be strengthened to discuss how the level
of digital agriculture development affects the environment and biodiversity in different
regions, and to quantify and study the mechanisms of impact, drawing on theories and
methodologies in related fields.

Drawing from the aforementioned findings, the ensuing policy recommendations are
outlined as follows:

1. Strengthen the application and promotion of digital agriculture technology to achieve
synergistic development of digital technology and green agriculture. Establish a
comprehensive digital infrastructure, including smart sensors and remote monitoring
systems, in order to realize data collection in the entire process of agricultural pro-
duction. At the same time, carry out digital training for agricultural practitioners to
improve their ability to use digital technology, so that they can better utilize advanced
technology for agricultural production management.

2. Build a green agricultural production and management system and optimize the
management of pesticide and fertilizer use. Establish a sound management system
for the use of pesticides and chemical fertilizers, including the setting of reasonable
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standards and quotas for their use, and strengthen regular monitoring of farmland in
order to detect and correct non-compliant use of pesticides and chemical fertilizers in a
timely manner. At the same time, drive the research, development and dissemination
of green alternatives such as biological control and organic fertilizers to reduce the
demand for chemical pesticides and fertilizers. Finally, incentive policies, such as
the provision of subsidies and rewards, are used to encourage farmers to adopt
environmentally friendly and sustainable agricultural production methods.
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