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ABSTRACT
This study aims to systematically analyze the coupling and coordinated development between the digital econ‑

omy (DE) and total factor productivity (TFP) in China’s agricultural sector, focusing on their impact on regional
agricultural advancement. Using a comprehensive dataset from 31 Chinese provinces covering the period from
2014 to 2021, we apply the EBMmodel, entropy weight method, and coupling coordination degreemodel to assess
TFP‑DE interactions. To capture spatial‑temporal dynamics and regional disparities, we employ kernel density es‑
timation, Moran’s I index, the Dagum Gini coefϐicient, and an obstacle degree model. The ϐindings reveal an initial
phase of “multipolarization” in TFP‑DE coordination, which gradually stabilizes towards preliminary coordination
levels. Despite this progress, signiϐicant regional imbalances persist, particularly in central and western provinces
where “low‑low” clusters dominate, in contrast to the “high‑high” clusters in eastern regions. While disparities in
coordination have narrowed in eastern areas, they continue to widen across central and western regions. The pri‑
mary obstacles have shifted from foundational infrastructure to challenges directly associated with DE and TFP.
This study underscores the necessity of region‑speciϐic policies to address these disparities, particularly in under‑
developed areas, to enhance agricultural productivity through digital integration. The ϐindings provide a strategic
foundation for policymakers to foster balanced and sustainable growth, contributing to China’s broader goals for
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agricultural modernization.
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1. Introduction
The Central Government of China’s “2023 Work

Plan for Digital Rural Development” proposes multiple
measures to develop the digital economy in county‑level
regions, further deepening the strategies of “digital re‑
vitalization of agriculture” and “e‑commerce empower‑
ment of agriculture”. The digital economy represents a
neweconomicmodel formedby the integration of digital
technologies into traditional economic sectors. In China,
digital technologies are already applied to the produc‑
tion and sale of agricultural products. Agricultural pro‑
duction is signiϐicantly affected by external factors, in‑
cluding climate, temperature, pests, and diseases, which
can reduce agricultural productivity and pose signiϐicant
risks to agricultural productivity and sustainability. To
address these challenges, technology is used to predict
potential crises, enabling early prevention and reduc‑
ing the area of agricultural damage. Recently, the rise
of the digital economy has emerged as a potential solu‑
tion for these challenges. Digital technologies enable the
real‑time monitoring of climate data. For example, me‑
teorological knowledge and services can be maximally
connected to thousands of households through apps and
other platforms. Agricultural meteorological data dif‑
fers from general meteorological data in terms of con‑
tent, indicators, real‑time requirements, and other as‑
pects. In other words, general meteorological data can‑
not replace agricultural‑speciϐic data. More complete
and agriculture‑speciϐic meteorological data output and
services will greatly beneϐit the improvement of digital
agriculture algorithms and production management, al‑
lowing farmers to dynamically adjust input structures
according to changing environmental conditions [1]. This
transformation is pivotal for enhancing agricultural ef‑
ϐiciency and productivity. Using digital technology to
bridge the “last mile” of agricultural technology exten‑
sion has become a new approach. By leveraging big data
technology, a standardized production model can be de‑

veloped that integrates local land resources, climate con‑
ditions, pest and disease data, and real‑time monitoring
of adverse conditions. Additionally, with the continuous
development of the digital economy, agricultural prod‑
ucts now have access to online sales channels, which ac‑
celerates the efϐiciency of agricultural product circula‑
tion. Information technology also facilitates the rapid
transmission of consumer demand to the supply side, re‑
ducing the production of low‑end agricultural products
with limited market demand and promoting the upgrad‑
ing and transformation of agriculture. As agriculture
continues to develop, technological advancements, such
as scientiϐic planting methods, are crucial for improving
agricultural productivity. With China’s ongoing urban‑
ization, developing agriculture on limited land while en‑
suring food security has become a critical issue. There‑
fore, the need to improve agricultural productivity will
drive the application of the digital economy in agricul‑
ture. The development of the digital economy and agri‑
culture is interdependent, and analyzing their synergis‑
tic effects is key to promoting the sustainable develop‑
ment of agriculture.

Economic activities supported by digital technol‑
ogy began in the 1950s, while China connected to the in‑
ternet in 1994. Although scholars have not yet reached
a clear, uniϐied deϐinition of the digital economy, there is
consensus that digital technology and big data are fun‑
damental components. The digital economy is gener‑
ally deϐined as an economy driven by digital technolo‑
gies [2]. Moreover, the digital economy aims to boost
economic activity by leveraging digital data and utilizing
information and communication technologies. Various
internet‑based platforms, developed with digital com‑
puting technology, have driven the expansion of the dig‑
ital economy [3, 4]. At the G20 Hangzhou Summit, China
deϐined the digital economy as an economic activity that
relies on digital knowledge and information as key pro‑
duction factors, uses modern information networks as
an important medium, and effectively employs informa‑
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tion and communication technologies as a key driver
for improving efϐiciency and optimizing economic struc‑
ture (G20, 2016). The Organization for Economic Co‑
operation and Development (OECD) has referenced the
digital economy in its reports for several consecutive
years. In the era of the digital economy, trends such as
big data analysis and cloud computing are among the
most important drivers, making the future “intelligent
era” possible andproviding greater convenience for busi‑
nesses, consumers, and society as awhole [5]. Developed
economies in Europe and the United States have played
a leading role in formulating data laws and policies, driv‑
ing business development, and improving market struc‑
tures. In contrast, China has promoted the digital econ‑
omy across various aspects of economic and social de‑
velopment through a series of strategic goals. These ef‑
forts have driven the scale of digital industrialization,
promoted the transformation of traditional industries,
fostered innovation in regional digital economies, and
improved people’s livelihoods [6]. The development of
thedigital economybreaks the limitations of timeandge‑
ography on the demand side, emphasizing personalized
consumer needs and creating a “demand‑driven” mar‑
ket. On the supply side, information dissemination and
data analysis push companies to expand the boundaries
of production possibilities [7]. In other words, the devel‑
opment of the digital economy contributes to changes
in production structure. After China’s economy entered
the “new normal”, rural and agricultural development
also entered a new phase, with the main challenges in
agriculture shifting to structural issues, such as an over‑
supply of low‑end, ineffective agricultural products and
a shortage of mid‑ to high‑end, personalized agricul‑
tural products. The development of the digital econ‑
omy can drive the shift in agriculture from a production‑
oriented to a demand‑oriented model, improving agri‑
cultural productivity and economic growth [8]. The emer‑
gence of the digital economy appears to break the con‑
straints of agricultural development, which are often af‑
fected by factors like weather and funding. It can lever‑
age cutting‑edge digital technologies to monitor climate
change data and adjust the input structure of agricul‑
tural factors, offering a new path for agricultural devel‑
opment [1]. Previous studies have emphasized the signif‑

icant role of the digital economy (DE) in improving agri‑
cultural productivity by enhancing access to digital tools
and facilitating the efϐicient allocation of production fac‑
tors [9, 10]. Additionally, uniϐied data platforms and the
exploration of endogenous dynamics in agriculture pro‑
vide dual beneϐits for both the data economy and agri‑
cultural economy [11, 12]. In China, modernization strate‑
gies focus on optimizing the allocation of physical cap‑
ital within and across farms, with digital technologies,
particularly information and communication technolo‑
gies (ICT), playing a key role in this optimization and im‑
proving resilience and productivity in agriculture [13, 14].
Furthermore, digital solutions such as precision farming
and smart agriculture have been shown to enhance efϐi‑
ciency, even during crises, such as food supply chain dis‑
ruptions [15–17].

Total factor productivity (TFP) is an important ref‑
erence indicator for measuring the quality of economic
growth in a country or region. There are various meth‑
ods for measuring TFP, which are generally categorized
into parametric and non‑parametric approaches. Para‑
metric methods include the Solow growth rate equa‑
tion, the production function approach, and the stochas‑
tic frontier approach (SFA). Non‑parametric methods
mainly rely on the Malmquist productivity index based
on Data Envelopment Analysis (DEA). TFP considers the
interactions between all input factors, combining capi‑
tal, labor, and other inputs with energy to measure the
relationship between inputs and outputs. Agricultural
total factor productivity (ATFP), based on this frame‑
work, integrates agricultural production factorswith key
input variables such as labor, capital, and land, reϐlect‑
ing real trends in agricultural production efϐiciency. For
scenarios involving multiple inputs and outputs, non‑
parametric methods are generally more suitable for
measuring production efϐiciency than parametric meth‑
ods [18]. The traditional DEA model has the drawback
of neglecting non‑radial slack variables [19]. To address
this, Tone [20] proposed the non‑radial SBM (Slack‑Based
Measure) model, which considers both radial and non‑
radial slack variables. However, the SBM model lacks
information on the ratio between input or output tar‑
get values and actual values, resulting in efϐiciency val‑
ues that are typically lower than the actual efϐiciency. To
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address this issue, Tone and Tsutsui [21] introduced the
EBM (Epsilon‑Based Measure) model, a hybrid model
that incorporates both radial and SBM distance func‑
tions, providing a new method for evaluating the efϐi‑
ciency of decision‑making units. Therefore, this study
uses the EBMmodel to measure agricultural total factor
productivity. In addition to the differences in research
methods, scholars also vary in their focus on agricultural
total factor productivity. (1) The ϐirst aspect is the tem‑
poral evolution of agricultural TFP. One study examines
the growth of agricultural productivity in 93 countries
over the period from 1980 to 2000. These results indi‑
cate a degree of catch‑up in productivity levels between
high‑performing and low‑performing countries [22]. Re‑
gional analysis shows that the growth rates of agricul‑
tural total factor productivity in China vary across differ‑
ent regions, and the sources of growth also differ [23]. (2)
The second aspect is the factors inϐluencing agricultural
TFP. TFP performance is strongly related to technologi‑
cal capital, and technological capital is required for TFP
and cost reduction growth [24]. The increase in exten‑
sion service expendituresmay impact the dissemination
of the latest innovations among farmers, enabling them
to use digital agricultural technologies more precisely
and fostering the development of digital talent [25, 26]. (3)
The third aspect is total factor productivity under the
context of new challenges in agriculture. Rising tempera‑
tures have a signiϐicantly inhibitory effect on agricultural
productivity [27]; extreme weather has a signiϐicant neg‑
ative impact on agricultural green total factor produc‑
tivity (AGTFP) in severely affected areas [28]. Addition‑
ally, the aging of the rural population has a negative in‑
hibitory effect on AGTFP in China, especially in the west‑
ern region,while the effectwas less signiϐicant in eastern
and central regions [29].

The digital economy facilitates improvements in
agricultural TFP by leveraging data, and information
and ICT. It provides farmers with accessible and cost‑
effective information on agricultural practices, markets,
and climate conditions, therebypromoting technological
advancement and efϐiciency [30] (Figure 1).

Moreover, digital technologies enhance credit chan‑
nels for agricultural ϐinancing and offer a more sus‑
tainable ϐinancial foundation for agricultural develop‑

ment [31]. The digital economy also supports smart farm‑
ing through Internet‑based agricultural monitoring sys‑
tems, contributing to the development of precise supply
chains and livestock management [32]. Conversely, im‑
provements in agricultural TFP driven by effective cli‑
mate resource management can stimulate the growth of
the digital economy. Enhanced agricultural productiv‑
ity increases farmers’ incomes and promotes urbaniza‑
tion, which, in turn, provides human capital, ϐinancial
resources, and data necessary for the expansion of digi‑
tal economy [33]. Additionally, improved agricultural efϐi‑
ciency generates a demand for technological innovation
and industry collaboration, expanding the market for
digital solutions in agriculture. Through the above analy‑
sis, it is evident that existing literature primarily focuses
on the impact and role of one direction—either prov‑
ing the inϐluence of the digital economy on agriculture
or the impact of agriculture on the digital economy—
without exploring their integrated development. This
study posits that the synergistic development of the dig‑
ital economy and agricultural total factor productivity
is a key approach to advancing smart agriculture and
promoting sustainable agricultural development. There‑
fore, this paper will comprehensively assess the syner‑
gistic development level of the digital economy and agri‑
cultural total factor productivity across 31 provinces in
mainland China and explore the regional development
disparities in depth.

Figure 1. Coordinationmechanismof agricultural TFP andDE.

Previous literature provides the theoretical foun‑
dation and starting point for the logical framework of
this study. However, a review of the literature reveals
a lack of clear evidence supporting the stability and bal‑
anced interaction between the digital economy and agri‑
cultural productivity. In response, this study expands
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on three key aspects: First, it incorporates climate fac‑
tors into the input indicator system, recognizing their im‑
pact on agriculture, and uses the super‑efϐiciency EBM
model to comprehensivelymeasure agricultural total fac‑
tor productivity. Second, a coupling coordination model
is employed to assess the coupling coordination degree
between China’s digital economy and agricultural to‑
tal factor productivity during the sample period. At
the same time, regional economic development levels
and natural geographic factors are considered, dividing
China into three regions to provide a comprehensive un‑
derstanding of the coupling coordination degree. Next,
kernel density parameters, Moran’s index, and the Gini
coefϐicient are used to measure the dynamic evolution
trends, spatial correlations, and sources of differences
in coupling coordination degree across China and its re‑
gions. Finally, the barrier degree model is applied to
explore the factors inϐluencing the development of cou‑
pling coordination at different stages. This study aims
to provide recommendations for the coordinated devel‑
opment of the digital economy and agricultural total fac‑
tor productivity, offering insights for digital agriculture
initiatives in other countries and promoting sustainable
agricultural development.

2. Materials and Methods
This study used data from31 provinces in China be‑

tween 2014 and 2021, sourced from the China Statistical
Yearbook, China Rural Statistical Yearbook, and other of‑
ϐicial publications. The research methodology incorpo‑
rates a super‑efϐiciency EBMmodel to assess total factor
productivity (TFP) in agriculture, alongwith the entropy
weight method for evaluating the development of DE.

2.1. Indicator Evaluation System

Typical climate‑related models include the Miami
model, the Thornthwaite Memorial model, and the
Chikugo model. Some scholars have compared the ac‑
curacy of these three models in calculating the climate
production potential of China and concluded the follow‑
ing: The Miami model lacks comprehensive considera‑
tion of climatic factors andhas larger errors; the Chikugo
model produces results that align more closely with

actual conditions, demonstrating higher accuracy; the
Thornthwaite Memorial model, which uses actual evap‑
otranspiration as a variable and integrates various cli‑
matic factors, is a strong representative climate indica‑
tor. While its precision may be slightly lower in cer‑
tain areas, its overall results are close to measured val‑
ues and are similar to those of the Chikugo model.This
paper selects the Thornthwaite Memorial model to cal‑
culate climate production potential [34–37]. The Thorn‑
thwaite Memorial model, also known as the Montreal
model, was proposed by H. Lieth and E. Box at the 22nd
International Geographical Congress held in Montreal,
Canada, in 1972. This model predicts biological produc‑
tivity using actual annual evapotranspiration [38–40]. Cli‑
mate productionpotential refers to themaximumbiolog‑
ical yield of plant biomass per unit area during a speciϐic
period, determined solely by climatic resources, assum‑
ing all other controlling variables are optimal and exclud‑
ing climatic conditions themselves [41]. This study em‑
ploys the Thornthwaite Memorial model to calculate re‑
gional climate production potential [42]. The calculation
formulas are shown as (1–3) below. The EBM (Epsilon‑
Based Measure) model can address the measurement
of total factor productivity (TFP) by incorporating un‑
desirable outputs (such as pollutants and carbon emis‑
sions), making it particularly suitable for analyzing ar‑
eas related to environmental sustainability and resource
management. It is alsowell‑suited to handle heterogene‑
ity across different regions or sectors, especially in sce‑
narios with varying economies of scale, such as agricul‑
tural productivity in different regions. However, con‑
sidering the issues of multiple DMUs and comparability
over time series, this studymeasures AGTFP through the
super‑efϐiciency EBM window method. Consequently,
this study constructs a global super‑efϐiciency EBM win‑
dowmethodunder the assumption of variable returns to
scale to measure agricultural TFP. For the measurement
of TFP, there are a total of nine input indicators and one
output indicator, including climate resources input, la‑
bor input, land investment, fertilizer input, agricultural
ϐilm investment, irrigation input, mechanical input, en‑
ergy input and agricultural output value (Table 1). The
calculation formulas are shown as (4). In multi‑criteria
comprehensive evaluations, the entropy weight method
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is more objective than other weighting methods, mak‑
ing it suitable for handling complex evaluation systems
with multiple dimensions and indicators. Given that the
evaluation of the digital economy involves four primary
indicators—infrastructure, rural governance, industrial
development, and the level of digital public services—
and 24 secondary indicators (Table 2), the entropy
method was chosen to assign weights to DE evaluation
indicators, thereby measuring the development level of
DE.

Where PET is the climate production potential
(gm–2 a–1); ET is the average annual evapotranspiration
(mm); E0 is the annual maximum annual evapotranspi‑
ration (mm); R is the annual precipitation (mm); T is
the annual average temperature (℃). Equation (2) and
Equation (3) hold if and only if R = 0.316E0, and E0 = R
when R < 0.316E0.

RET = 3000
[
1− e−0.0009695(ET−20)

]
(1)

ET = 1.05R/

[
1 +

(
1 +

1.05

E

)2
]1/2

(2)

E0 = 300 + 25T + 0.05T 3 (3)

where x and y denote inputs and desirable outputs, re‑
spectively; I and H respectively indicate the number of
input and output variables. w−

i denotes the i‑th input
element’s weight, reϐlecting its importance, satisfy‑
ing ∑

W−
i = 1 plus ∑

W−
i ≥ 0. w+

h denotes the h‑
th output’s weight, satisfyingand ∑

w−
h = 1 and∑

w−
h ≥ 0. λ represents the adjustment matrix. θ and

φ are radial parameters. ε is a data‑driven parameter,
which indicates the non‑radial ratio of inputs and out‑
puts when calculating efϐiciency, and satisϐies 0 ≤ ε ≤ 1.
s−i and s+h are non‑radial slack vectors. ρ∗ represents
the evaluated efϐiciency. ρ∗ ≥ 1 indicates the DMU is ef‑
fective, the larger ρ∗, the higher the efϐiciency. In partic‑
ular, the above model can distinguish multiple effective
DMUs, thereby avoiding information loss.

ρ∗ = min
θ − εx

∑I
i=1

w−
i s−i
xi,k

φ+ εy
∑H

h=1
w+

h s+h
yh,k

s.t.


∑N

n=1 xinλn + s−i = θxik, i = 1, . . . , I;∑N
n=1 yhnλn − s+h = φyhk, h = 1, . . . , H;

λn ≥ 0, si ≥ 0, s+h ≥ 0, n = 1, 2 . . . , N(n ̸= k)

(4)

2.2. Coupling Coordination Model

To scientiϐically explore the degree of coordination
between agricultural TFP and DE in the process of devel‑
opment, this study builds a coupled coordination model
between the two. The calculation formulas are shown as
Equations (5)–(7).

In the formula, C represents the coupling degree; T
represents the comprehensive coordination index; α and
β are undetermined coefϐicients, commonly taken as 0.5
each; D is the coupling coordination, with values ranging
from [0,1].

C = 2
√
η1 × η2/η1 × η2 (5)

T = αη1 + βη2 (6)
D =

√
C × T (7)

To ensure the reference value of the coupling coor‑
dination [43] and combined with practical calculation re‑
sults, this study classiϐies the coupling coordination into
six levels, as shown in Table 3.

2.3. Dynamic Trends

Tobetter understand thedynamic evolution charac‑
teristics of agricultural TFP and DE based on climate re‑
source input in China and the three regions, the nuclear
density estimationmethod was used for analysis [44]. Us‑
ing kernel density estimation plots, one can intuitively
discern the areas of data concentration, peaks, outliers,
and overall distribution shape. This method helps to un‑
derstand the development trends of overall and regional
coupling coordination.

f(x) =
1

Nh

∑N

i=1
K(

Xi − x

h
) (8)

k(x) =
1√
2π

exp(−x2

2
) (9)

Where N is the number of observations; Xi is the
sample observations; x is the sample average; k(x) is the
Kernel density; h is the bandwidth.

2.4. Spatial Correlation

The globalMoran’s indexwas introduced to test the
spatial correlation of the degree of coupling coordina‑
tion in China. Owing to the spatial concentration inher‑
ent in thedevelopment ofDE, its growth can facilitate the
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Table 1. Agricultural total factor productivity index system.
Indicators Secondary Indicators Variable Declaration

Agricultural input

Climate resources input climatic potential productivity

Labor input
Total number of employees in agriculture, forestry, animal
husbandry and ϐishery * (agricultural output value/total output
value of agriculture, forestry, animal husbandry and ϐishery)
(ten thousand people)

Land investment Total sown area of crops (khm2)
Fertilizer input Fertilizer application amount (ten million kWh)
Pesticide input Pesticide use (ten thousand kWh)

Agricultural ϐilm investment Agricultural ϐilm used (ten thousand kWh)
Irrigation input Effective irrigation area (thousand hm2)
Mechanical input Total power of agricultural machinery (ten thousand kWh)
Energy input Agricultural machinery diesel consumption (ten thousand kWh)

Agricultural
expectation output Agricultural output value Total agricultural output (100 million yuan)

optimization of agricultural production structures and
the rational allocation of agricultural production factors.
Regionswith rapid advancements in the digital economy
tend to exhibit improved development in digital agricul‑
ture. Therefore, it is hypothesized that, at the provincial
level, there may be a spatial clustering effect between
agricultural TFP, inϐluenced by climate resources, and
the digital economy [45].

Wij represents the spatial weight and x represents
the mean; xi and xj denote the coupling coordination de‑
gree scores of research units i and j, respectively, which
correspond to theobservedvalues of researchunits i and
j; n is the number of research units. The value of I ranges
from [–1, 1].

I =

n
n∑

i=1

n∑
j=1

Wij (xi − x) (xj − x)

(
n∑

i=1

n∑
j=1

Wij)
n∑

i=1

(xi − x)
2

(10)

The local Moran’s I index was used to investigate
local spatial effects in the study area. Compared with
the global Moran’s I, the local Moran’s I provides a more
precise analysis of regional differences, including spa‑
tial clustering and dispersion phenomena in speciϐic ar‑
eas. The local Moran’s I can reϐlect whether high‑value
regions are driving the development of low‑value re‑
gions or whether high‑value regions are monopolizing
resources from low‑value areas, as well as the spatial

heterogeneity across different regions. It also captures
spatial heterogeneity across different regions and shows
how spatial autocorrelation in certain areas changes
over time This information is highly useful for regional
analyses and policymaking. The spatial agglomeration
types of the local Moran index are usually divided into
four types: high–high, low–high, low–low, and high–low

I∗ =
xi − x

S2

n∑
j=1

Wij (xj − x), i ̸= j (11)

S2 =

[
n∑

i=1

(xi − x)
2

]
/n (12)

I* is the local Moran’s index, with other variables having
the same meaning as described above.

2.5. Regional Disparity Levels

The Dagum Gini coefϐicient can not only fully con‑
sider the distribution of each sub‑sample and the over‑
lap between the samples but also provide a more accu‑
rate reϐlection of the sources of regional differences. By
using the Gini coefϐicient, differences in the coupling co‑
ordination of digital agriculture across regions can be
compared, allowing for an evaluation of the impact of
digital economic policies on the agricultural sector in
various areas. This facilitates a deeper understanding
of the disparities in digital agriculture development be‑
tween regions andhelps to formulatemore effective poli‑
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Table 2. Evaluation index system of digital economy.
Indicators Secondary Indicators Speciϐic Calculation Method

Infrastructure

Radio and television
coverage rate The proportion of rural cable radio and television users is (%)

Agrometeorological
observation station Number of agrometeorological observation stations

Smart phone penetration rate The average mobile phone ownership per 100 households at the end
of the year

Rural electricity consumption Electricity consumption in rural areas (100 million kWh)

Rural
governance

The Internet penetration rate
in rural areas Number of rural Internet broadband access users proportion (%)

Rural communications
expenditure

Transportation and communication consumption expenditure of rural
residents (yuan)

Farmmachinery production Total power of agricultural machinery (ten thousand kilowatts)

Industrial
development

Rural per capita income scale Rural per capita disposable income
Rural consumption level Total retail sales of rural consumer goods (100 million yuan)
Agricultural digital trading Online retail sales (100 million yuan)
The proportion of digital
product and service
consumption

The Engel coefϐicient of rural residents

Digital public
service level

Postal express level The average number of weekly deliveries in rural areas
Service scope of information
technology applications Rural delivery route (km)

Level of digital service input Expenditure on science and technology (100 million yuan)

Table 3. Type of coupling coordination degree between DE and agricultural TFP.
Coupling Coordination

Degree 0 < D ≤ 0.4 0.4 < D ≤ 0.5 0.5 < D ≤ 0.6 0.6 < D ≤0.7 0.7 < D ≤ 0.8 0.8 < D ≤ 1

Coordination type Completely
dysregulated

Imminently
dysregulated

Forced
coordination

Primary
coordination

Intermediate
coordination

Advanced
coordination

Type code I II III IV V VI

cies to address the imbalances in digital agriculture de‑
velopment [46]. The Dagum Gini coefϐicient, along with
its subgroup decompositionmethod, is employed to ana‑
lyze the differences in coupling degrees between regions
in China.

G =

∑k
j=1

∑k
h=1

∑nj

i=1

∑nh

r=1 |yji − yhr|
2n2y

(13)

Gij =

1
2Yj

∑nj

i=1

∑nj

r=1 |yij − yjr|
n2
j

(14)

Gw =
∑k

j=1
Gjkpjsj (15)

Gjh =

∑nj

i=1

∑nh

r=1 |yji − yjr|
njnh (ȳi + ȳh)

(16)

Gnb =
∑k

j=2

∑j−1

h=1
Gjh (pish + phsj)Djh (17)

Gt =
∑k

j=2

∑j−1

h=1
Gjh (pish + phsj) (1−Djh) (18)

Djh =
djh − pjh
djh + pjh

(19)

djh =

∫ ∞

0

dFj(y)

∫ y

0

(y − x)dFh(x) (20)

pjh =

∫ ∞

0

dFh(y)

∫ y

0

(y − x)dFj(x) (21)
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Gj represents the Gini coefϐicient of region j; Gjh
takes part in Gnb and represents the Gini coefϐicient be‑
tween regions; Djh represents the relative inϐluence of
the development level of coupling coordination between
regions j, h; djh is the difference in the development
level of coupling coordination between regions; pjh is
deϐined as the hypervariable ϐirst‑order moment, where
Fh(x) is the cumulative density distribution function of
the region, and Fj(x) is the cumulative density distribu‑
tion function in region j.

2.6. Obstacle Degree Model

To explore themain obstacle factors that hinder the
coupling coordination level of agricultural TFP and DE
under climate change, the barrier degree model was in‑
troduced to analyze them. By measuring obstacle fac‑
tors, the primary barriers to the development of digital
agriculture can be identiϐied, helping determine which
factors inhibit overall growth. This also provides insight
into the relative importance of each factor in terms of
hindrance. By formulating policies to prioritize the is‑
sues that have the greatest impact on the development
of digital agriculture, overall coupling coordination can
be improved.

Oj =
PijUj∑n

i=1(PijUj)
(22)

Where the index contribution Uj represents the
weight determined by the entropymethod of index j; the
index deviation Pij = 1 – Zij, where Zij is the standardized
value of each index; Oj represents the index barrier.

2.7. Data Sources

In order to ensure data consistency and authentic‑
ity, the period from 2014–2021 was selected as the re‑
search sample period, focusing on 31 provinces in China
as the research object. The original data was sourced
from the China Statistical Yearbook, China Rural Statis‑
tical Yearbook, China’s Third Industry Statistical Year‑
book, the Provincial National Economic Statistics An‑
nouncement and the Chinese Bureau of Statistics web‑
site. Considering the dual characteristics of the digital
economy and agriculture, the regions are divided into
three categories: eastern, central, and western regions.
This study explores the coupling coordination degree be‑

tween DE and agricultural TFP in different regions.

3. Results
According to previous studies and data analysis,

the results are discussed in terms of ϐive aspects to an‑
alyze China’s digital agriculture coupling coordination.

3.1. Analysis of the Coupling Coordination
Degree of Agricultural Total Factor Pro‑
ductivity and Digital Economy

Compared with the base year of 2014, the coupling
coordination degree of all 31 provinces increased by
2021. The overall coupling coordination of agricultural
TFPandDEamong the31provinces exhibits a spatial dis‑
tribution and evolution pattern of “high in the southeast,
decreasing from coastal to inland areas”. This character‑
istic became more evident in 2018 and was positively
correlated with the economic development levels of var‑
ious provinces in China. The development of the digi‑
tal economy and agriculture requires ϐinancial support;
regions with higher levels of economic development
tend to have more advanced digital infrastructure [47].
In 2014, only two provinces—Jiangsu and Zhejiang—
achieved intermediate coordination, both of which be‑
long to the eastern region. Seventeen provinces, includ‑
ing Beijing, Tianjin, Hebei, Shanxi, and Inner Mongo‑
lia, were in the primary coordination stage, whereas 11
provinces, including Heilongjiang, Anhui, Shandong, and
Henan, were in the barely coordinated stage (Table 4).
By 2016, there was a signiϐicant overall improvement in
the coordination coupling of each province. Although
Tibet was still on the verge of imbalance, the number
of provinces in the barely coordinated stage—such as
Xinjiang, Chongqing, Shandong, and Henan—decreased
from 11 to 4. Meanwhile, the number of provinces in the
primary and intermediate coordination stages increased
to 21 and 4, respectively. In 2018, Tibet made a break‑
through by transitioning directly from the verge of im‑
balance to the primary coordination stage. By this time,
all 31 provinces had reached the primary coordination
stage or higher. The number of provinces in the interme‑
diate coordination stage increased to ϐive and the num‑
ber in the primary coordination stage increased to 26.
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Table 4. Evaluation results of agricultural TFP and DE.
2014 2021

Areas Value Ranking Type Value Ranking Type Change Rate

Beijing 0.696 3 IV 0.777 3 V 11.76%
Tianjin 0.621 12 IV 0.705 10 V 13.49%
Hebei 0.612 15 IV 0.685 17 IV 11.88%
Shanxi 0.636 8 IV 0.704 11 V 10.73%

Inner Mongolia 0.616 14 IV 0.671 25 IV 8.97%
Liaoning 0.638 7 IV 0.676 22 IV 6.10%
Jilin 0.628 10 IV 0.664 26 IV 5.68%

Heilongjiang 0.593 21 III 0.635 30 IV 7.09%
Shanghai 0.674 5 IV 0.727 6 V 7.81%
Jiangsu 0.701 2 V 0.754 4 V 7.59%
Zhejiang 0.702 1 V 0.795 1 V 13.28%
Anhui 0.594 20 III 0.680 19 IV 14.45%
Fujian 0.650 6 IV 0.738 5 V 13.60%
Jiangxi 0.602 19 IV 0.686 16 IV 13.98%

Shandong 0.578 24 III 0.691 15 IV 19.49%
Henan 0.565 29 III 0.648 29 IV 14.82%
Hubei 0.625 11 IV 0.714 8 V 14.26%
Hunan 0.590 22 III 0.692 14 IV 17.22%

Guangdong 0.679 4 IV 0.794 2 V 16.81%
Guangxi 0.602 18 IV 0.693 13 IV 14.98%
Hainan 0.551 30 III 0.655 28 IV 19.01%

Chongqing 0.571 26 III 0.679 20 IV 19.06%
Sichuan 0.619 13 IV 0.714 7 V 15.31%
Guizhou 0.565 28 III 0.706 9 V 24.93%
Yunnan 0.578 25 III 0.673 23 IV 16.44%
Tibet 0.438 31 II 0.633 31 IV 44.42%

Shaanxi 0.628 9 IV 0.696 12 IV 10.67%
Gansu 0.589 23 III 0.672 24 IV 14.10%
Qinghai 0.603 16 IV 0.677 21 IV 12.23%
Ningxia 0.602 17 IV 0.681 18 IV 13.11%
Xinjiang 0.569 27 III 0.658 27 IV 15.69%

By 2021, the number of provinces in the intermediate
coordination stage increased to ten, with the remainder
in the primary coordination stage.

Overall, by the end of 2021, although no provinces
were in a state of imminent dysregulation among the 31
provinces, neither were any provinces at a high level of
coordination. Among the provinces in the intermediate
coordination stage, 70% belong to the eastern region.
In the central region, only Hubei is in the intermediate
coordination stage among the eight provinces, while in
the western region, only Sichuan and Guizhou are at this
stage among the twelve provinces. Additionally, the rate
of class transition in some provinces in the central and
western regions is low, with many merely maintaining
the current level. Therefore, it is crucial to be cautious
that theseprovincesmaybecome the “weakness” hinder‑
ing the improvement of digital agricultural productivity.

3.2. Dynamic Trend Analysis of the Cou‑
pling Coordination Degree: Kernel
Density Estimation

Figure 2 illustrates the kernel density estimation
maps of the coupling coordination degree between agri‑
cultural TFP and the digital economy. Figure 2a shows
the kernel density estimation map of the coupling co‑
ordination degree in China. From the distribution posi‑
tion, the peak of the distribution curve is gradually mov‑
ing to the right, indicating an overall increase in the cou‑
pling coordination degree across the country. The right‑
ward movement from 2017 to 2018 shows a signiϐicant
increase in the magnitude of the shift. In terms of distri‑
bution trends, the kurtosis is steep at ϐirst, then gradu‑
ally levels off, indicating that the coupling coordination
degree across provinces develops steadily. Other stud‑
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ies have also demonstrated that the impact of the digi‑
tal economy on agriculture is gradually becoming more
apparent [48]. Looking at the distribution spread, the
curve shows a clear right tail phenomenon, suggesting
that the growth rate of the coupling coordination de‑
gree between agricultural productivity and DE in some
provinces is signiϐicantly faster than in other regions.

Figure 2b is the kernel density estimation map of
the coupling coordination degree in the eastern region.
From the distribution position, the peak in the eastern
region is constantly moving to the right, indicating a
continuous increase in the coupling coordination degree
in the eastern region. In terms of distribution trends,
the kurtosis has basically not changed, and the curve
does not show a clear right tail or a “double peak” phe‑
nomenon, indicating that there is no obvious trend of dif‑
ferentiation and polarization in the eastern region.

Figure 2c is the kernel density estimation map of
the coupling coordination degree in the central region.
From the distribution position, the main peak is moving
to the right, indicating an increase in the coupling coor‑
dination degree in the central region. In terms of distri‑
bution trends, the kurtosis ϐirst levels off, then steepens
and levels off again, with no tailing phenomenon. This in‑
dicates that the development differentiation of the cou‑
pling coordination degree between DE and agricultural
productivity in the provinces of the central region ϐirst
increases, then decreases, and then increases again.

Figure 2d is the kernel density estimation map of
the coupling coordination degree in the western region.
From the distribution position, in the years 2014–2016,
thewestern region showed a clear transition from a “sin‑
gle peak” to a “double peak”, indicating a polarization of
the coupling coordination degree between agricultural
TFP and DE during this period, with signiϐicant regional
polarization. After 2016, the main peak position shifted
to the right, and the distribution shifted from “multi‑
peak” to “single peak”. The kurtosis decreased, and the
width gradually increased, with no tailing phenomenon.
This indicates an overall increase in the level of coupling
coordination in the western region, but with a trend of
increasing differentiation in the coupling coordination
degree among provinces. The primary reasons for the
observed differences are the varying foundational condi‑

disparities in agricultural resources, digital talent, and
other essential factors [49].

Figure 2. Dynamic evolution of the development level distri‑
bution of the coupling coordination degree (2014–2021): (a)
national kernel density estimation; (b) eastern kernel density
estimation; (c) central kernel density estimation; (d) western
kernel density estimation.

3.3. Spatial Correlation Analysis of the Cou‑
pling Coordination Degree: Moran’s I
Index

3.3.1. Global Spatial Auto‑Correlation

According to Table 5, the global Moran’s I index of
the coupling coordination degree shows some ϐluctua‑
tions over the entire study period but generally exhibits
an increasing trend. Signiϐicance tests at the 5% level
were passed for each year.

Table 5. Global Moran’s I index of the coupling coordination
degree.

Year Moran’s I Z P

2014 0.221 2.285 0.011
2015 0.185 1.931 0.027
2016 0.198 2.046 0.020
2017 0.237 2.373 0.009
2018 0.214 2.130 0.017
2019 0.248 2.420 0.008
2020 0.217 2.162 0.015
2021 0.224 2.228 0.013

3.3.2. Local Spatial Auto‑Correlation
The high‑high agglomeration area in 2014 included

10 provinces, including Beijing, Shanghai, and Tianjin,
of which eight provinces and municipalities belonged to
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the eastern region, and the remaining provinces and au‑
tonomous regions belonged to the central and western
regions (Figure 3). In 2021, there were six provinces
and municipalities in the high‑high agglomeration, all of
which belong to the eastern region (Figure 4). These
provinces, whether in terms of their economic founda‑
tion, agricultural modernization level, or abundant hu‑
man resources, rank among the top in China [50]. It
can be observed that provinces in the eastern region
have spatial correlations for mutual learning. Regions
with well‑developed DE infrastructure are better able
to learn from advanced development experiences and
implement themmore quickly [51], ultimately promoting
the synergistic development of the digital economy and
agriculture. The use of DE in agricultural production in
these provinces has had signiϐicant effects.

Figure 3. Moran’s I scatter plot of coupling coordination de‑
gree in 2014.

Figure 4. Moran’s I scatter plot of coupling coordination de‑
gree in 2021.

The number of provinces in the low‑high agglom‑
eration area increased from ϐive to six in 2021. Hainan,
Jiangxi, and Anhui remained in this category, whereas

Guangxi, Hunan, and Chongqing changed from low
to high agglomeration. Except for Hainan, these six
provinces are all located in the central and western re‑
gionswith lowcoupling coordinationdegrees. Neighbor‑
ing provinces with better economic development may
have exerted a strong suction effect on them, causing
the outϐlow of human, labor, and capital factors, lead‑
ing to reduced utilization of resources and a clear trend
of polarization between provinces [52]. In 2021, the to‑
tal number of provinces in the low‑low agglomeration
area increased by two compared with that in 2014. In‑
ner Mongolia, Liaoning, and Hebei changed from high‑
high agglomerations, while Shandong and Heilongjiang
changed from low to high agglomerations. The reasons
for these changes may be related to factors such as lim‑
ited arable land, insufϐicientmanpower, regional culture,
and the economic level.

It isworth noting that Guizhou changed from low to
low agglomeration, while Hunan and Guangxi changed
from low‑low agglomeration to low‑high agglomeration.
Provinces in the high‑low agglomeration area have al‑
ways been rare, indicating that these provinces have a
good resource foundation for coordinated development.
However, the overall coupling coordination degree of
neighboring provinces is relatively low, indicating that
these provinces have not been able to drive the develop‑
ment of neighboring provinces and have failed to form
“trickle‑down” effects [53]. Since the integration of the
digital economy and agriculture involves development
in both areas, differing development weaknesses among
provinces hinder the effective realization of potential
spillover beneϐits.

3.4. Analysis of Regional Differential Con‑
tribution of Coupling Coordination De‑
gree: Dagum Gini Coefϐicient

3.4.1. Overall Differences
According to Figure 5, the overall difference in

China’s coupling coordination between agricultural TFP
and DE shows a decreasing trend during the sample ob‑
servation period. Using 2014 as the base year, the over‑
all difference decreased by an average of 2.1% per year.
In other words, regional differences in DE and agricul‑
tural TFP have generally shown a reduction trend. The

12



Research onWorld Agricultural Economy | Volume 06 | Issue 01 | March 2025

Gini coefϐicient between and within different regions
showed both increases and decreases. Overall, the eco‑
nomic development policies, digital infrastructure con‑
struction, and development of agricultural moderniza‑
tion implemented in China have proven to be effective

Figure 5. Sources and contributions of regional differences in
coupling coordination (2014–2021).

3.4.2. Intra‑Regional and Inter‑Regional
Differences

The regional disparities are signiϐicant, with inter‑
nal differences ranked from large to small as follows:
eastern, western, and central. The changes in the dispar‑
ities between the eastern and central regions exhibited
a trend of initially rising and then falling. This may be
attributed to the rapid development of some cities in the
central region. For example, Hunan Province has estab‑
lished a smart agriculture development demonstration
zone [54, 55]. It has set an example for digital agriculture
development in the region. The disparities between the
eastern andwestern regionsmainly demonstrate a trend
of decreasing and continuous increase. It is noteworthy
that the Gini coefϐicient between the central andwestern
regions underwent a stage of initial decline followed by
a gradual increase.
3.4.3. Source of Regional Differences and

Their Contribution Rates
The contribution rate of the super‑variable den‑

sity was only 18.4%. This indicates that inter‑regional

differences were the main source of the overall differ‑
ence. Improving inter‑regional disparities will further
reduce overall differences and achieve coordinated de‑
velopment.

Overall, contrary to previous literature [56], the dif‑
ferences in coupling coordination within China’s cen‑
tral region are gradually expanding, indicating an unbal‑
anced trend in the development of digital‑agricultural in‑
tegration in this region. The observed differences in re‑
sults may be due to variations in regional classiϐication.
Previous studies have primarily examined economic re‑
gions, dividing areas into the eastern, central, western,
and northeastern regions. In contrast, this study con‑
siders both economic factors and grain output, classi‑
fying areas into eastern, central, and western regions.
The results indicate that the development of the digital
economy has not been fully utilized in somemajor grain‑
producing provinces. The Gini coefϐicient reveals that,
from 2018 onwards, internal disparities in both the cen‑
tral andwestern regions are graduallywidening, and the
differences between the eastern andwestern regions, as
well as between the central andwestern regions, are also
increasing. This trend may be attributed to variations in
geographical location, economic development, and agri‑
cultural resources among the provinces, leading to re‑
gional disparities.

3.5. Analysis of Obstacles to the Coupling
Coordination Degree

From2014 to 2021, the sumof the obstacle degrees
for the top eight ranked factors ranged from amaximum
of 71.75% to a minimum of 66.64% (Table 6). Among
them, rural electricity consumption, online sales, local
scientiϐic and technological expenditures, and agricul‑
tural outputwere consistently the top four obstacles dur‑
ing the study period. The sum of obstacle degrees for
these four factors in 2014, 2016, 2018, and 2021 was
35.36%, 36.38%, 37.22%, and 37.57%, respectively, in‑
dicating an increasing impact of these obstacles on the
development of coupling coordination. The degree of ob‑
stacles to agricultural electricity consumption and local
scientiϐic and technological expenditures has continued
to grow.

On the one hand, this may be due to the fact that as
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Table 6. Evaluation results of obstacle factors from 2014 to 2021.
Main Obstacle Factors 2014 2016 2018 2021

The Internet penetration rate in rural areas 8.36% 8.23%
Number of agrometeorological observation stations 8.59%

Rural electricity consumption 7.89% 8.26% 8.73% 9.92%
Transportation and communication consumption expenditure of rural residents 8.13% 7.73%

Farmmachinery production 7.99% 8.25%
Rural per capita disposable income 8.00% 7.84% 7.58%

Online sales 9.14% 9.30% 9.37% 9.28%
Retail sales of rural consumer goods 7.69% 7.80%

The average number of weekly deliveries in rural areas 9.00% 6.16% 10.05%
Local spending on science and technology 8.64% 8.81% 8.92% 8.96%

Agricultural output value 9.69% 10.01% 10.20% 9.41%
Climate‑based production potential 8.08%
A total of 8 barriers in each year 68.44% 69.18% 66.64% 71.75%

agriculturalmodernizationprogresses, practices such as
planting, and fertilization increasingly require electric‑
ity for machinery. For farmers using digital technology
in agricultural production, high electricity consumption
and costs may affect the utilization of digital technology
in agriculture. On the other hand, the obstacle degree of
local scientiϐic and technological expenditure indicates
the level of local government support for technological
innovation. According to “The China Statistical Yearbook
(2022)” from 2013 to the end of 2019, China’s arable
land area gradually decreased from 1.35 × 108 hm2 to
1.27 × 108 hm2, approaching the red line of 1.22 × 108
hm2 for arable land. This highlights the importance of
adhering to the arable‑land red line and improving agri‑
cultural production efϐiciency to ensure China’s food se‑
curity. Given limited arable land, promoting technologi‑
cal progress and innovation in agriculture can enhance
agricultural production efϐiciency [57]. Additionally, on‑
line sales and agricultural output directly affect farmers’
production. The digital economy can leverage the Inter‑
net to increase sales of agricultural products [58], and in‑
creased agricultural output, in turn, encourages farmers
to use the digital economy to enhance agricultural TFP.

During the study period from 2014 to 2016, rural
residents’ transportation and communication consump‑
tion expenditure, agricultural meteorological observa‑
tion stations, and the internet penetration ratewere also
signiϐicant indicators affecting the degree of coupling
coordination. This suggests that investment in agricul‑
tural ϐixed assets can inϐluence the development of dig‑
ital agriculture [59]. These indicators are more focused

onmeasuring the infrastructure of both the digital econ‑
omy and agricultural production, indicating that, in the
early stages, the adequacy of infrastructure can hinder
the development of coupling coordination.

From 2017 to 2021, the agricultural machinery to‑
tal power, rural retail sales of consumer goods, average
weekly delivery frequency in rural areas, and climate‑
based production potential gradually became the main
obstacles affecting the coupling coordination degree of
the two. Rural retail sales of consumer goods and local
spending on science and technology are related to agri‑
cultural technology; other studies alsomention that agri‑
cultural technology remains a primary barrier to the fu‑
ture development of digital agriculture [60]. With climate
change and increasing extreme weather events, the im‑
pact of climate factors on agriculture must also be con‑
sidered [61]. Mitigating the inϐluence of climate factors on
the coordinated development of digital agriculture like‑
wise requires innovation in digital technology.

4. Discussion
This study investigates the current state of the co‑

ordinated development of the digital economy and agri‑
cultural total factor productivity. Although earlier re‑
search has explored the impact of the digital economy
on agricultural total factor productivity and agricultural
development, it has not speciϐically discussed the syner‑
gistic effects, spatiotemporal evolution trends, spatial ag‑
glomeration, regional disparities, andobstacles between
the two. The measurement results indicate that there
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is an overall upward trend in the coupling coordina‑
tiondegreebetweenChina’s digital economyandagricul‑
tural total factor productivity. Provinces with a coupling
coordination degree above the middle level are all lo‑
cated in the eastern region, supporting research ϐindings
that the digital economy has a greater role in promoting
high‑quality agricultural development in the eastern re‑
gions [62]. The western region signiϐicantly lags behind
the eastern region in terms of digital agriculture devel‑
opment, primarily due to the disadvantaged agricultural
resources, human capital, and technology in most west‑
ern provinces, where the foundational conditions for the
development of digital agriculture need to be strength‑
ened. Notably, the growth in the synergistic effect in the
central region is modest, which contradicts the conclu‑
sion that the digital economy can signiϐicantly promote
agricultural economic resilience in the central region [63].
In addition to the commonmeasurement indicators, the
measurement of agricultural economic resilience also
includes the agricultural product price index and re‑
search and development expenditure. The development
of the digital economy can optimize production, distri‑
bution, and exchange processes, while also helping the
agricultural product circulation system tomitigate price
ϐluctuations in agricultural products [64, 65]. Additionally,
growth in the digital economy stimulates agricultural
research and development expenditures, demonstrat‑
ing that the digital economy can contribute to enhanc‑
ing agricultural economic resilience in the central re‑
gion. Compared to agricultural total factor productivity,
the digital economy in the central region primarily inte‑
grates with agricultural product circulation and techno‑
logical development, rather than with agricultural pro‑
duction. As amajor grain‑producing region in China, it is
essential to promote the transformation of agricultural
science and technology into practical agricultural out‑
comes in the central region.Strengthening the integra‑
tion of the digital economy with agricultural total factor
productivity is a crucial pathway for achieving sustain‑
able agricultural development.

According to the ϐindings of this study, the kernel
density parameters and Gini coefϐicient show no signiϐi‑
cant differentiation or polarization trends in the eastern
region. In the central region, the development of the cou‑

pling coordination degree between the digital economy
and agricultural efϐiciency initially increases, then de‑
creases, and subsequently increases again. In the west‑
ern region, while the overall level of coupling coordina‑
tion is rising, there is a trendof increasingdifferentiation
in the coupling coordination degree among provinces.
The kernel density curve shifts to the right, displaying a
“right tail” phenomenon, indicating that the synergistic
effect between the digital economy and agricultural to‑
tal factor productivity is growing. However, there is no
clear trend of decreasing absolute differences between
provinces. The main reasons are that some lagging
provinces lack robust digital infrastructure, have lim‑
ited agricultural resources, and lack location advantages,
resulting in persistent gaps with higher‑coordination
provinces in the eastern region. This ϐinding also sup‑
ports the conclusion that the development of digital agri‑
culture requires a higher level of economic development,
digital talent, and technology [66]. In the western re‑
gion, extreme values were initially evident, but in later
stages, the gap between provinces narrowed, primarily
due to China’s implementation of the “Western Devel‑
opment Strategy”, This strategy directed policies toward
underdeveloped provinces, improved digital infrastruc‑
ture, andprovided technological assistance, enabling the
western region to derive greater beneϐits from the digi‑
tal economy [67]. The global Moran’s indexmeasurement
shows that the synergistic effect between China’s digi‑
tal economy and agricultural total factor productivity ex‑
hibits spatial correlation. Provinces with high‑high ag‑
glomeration are mainly located in the eastern region,
aligning with the above measurement results. The ag‑
glomeration effect in the central and western regions is
constantly evolving, indicating that the development pat‑
tern of the synergistic effect across provinces is under‑
going constant adjustment. However, some provinces
in the western region remain in a low‑low agglomera‑
tion, suggesting that the current driving forces are insuf‑
ϐicient for promoting their synergistic development. To
advance digital agriculture, the western region requires
external assistance or policy support. Analysis of inter‑
regional differences shows that theGini coefϐicient in the
central region is increasing, indicating that high‑value
areas, such as Hubei and Hunan provinces, have not ex‑
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erted a positive spillover effect on neighboring areas. Re‑
gional disparities are the primary source of the Gini co‑
efϐicient, indicating that balanced regional development
has not met expectations. The development of the cen‑
tral and western regions faces varying degrees of con‑
straints [68].

The barrier degreemodel reveals that digital infras‑
tructure, digital technologies, and agricultural produc‑
tion are key factors hindering the coupling coordination
development of digital agriculture. Among these, rural
electricity consumption, online sales, local science and
technology expenditure, and agricultural output have
consistently been critical obstacles. These four factors
relate to the production and sales processes of agricul‑
ture, as well as technological support, indicating that im‑
proving the synergy between the digital economy and
agricultural total factor productivity requires integra‑
tion across the entire agricultural industry chain, rather
than focusing solely on a single stage of agricultural pro‑
duction. The barrier effects of online sales, scientiϐic,
and technological expenditure, and agricultural output
on digital agriculture development align with ϐindings
in other literature [69–71]. However, the impact of ru‑
ral electricity consumption on the coordination between
the digital economy and agricultural production has re‑
ceived less attention. Low rural electricity consump‑
tion may suggest two issues: (1) poor quality of rural
power grids [72, 73], and (2) outdated agricultural electric
equipment [74]. This implies that advancing digital agri‑
culture coordination requires attention to both digital in‑
frastructure development and rural infrastructure. En‑
hancing rural infrastructure can improve the efϐiciency
of digital infrastructure, leading tomore effective results.
From a phased perspective, before 2016, rural infras‑
tructure was the main factor hindering the synergistic
development of the digital economyandagricultural pro‑
ductivity, such as rural internet access and agricultural
meteorological observation stations. After 2016, spe‑
cialized facilities related to digital economy and agricul‑
tural development became the primary obstacles, with
theproportion of technological expenditure gradually in‑
creasing. This shift indicates that ongoing technological
innovation and ϐinancial support can facilitate the coor‑
dinated development of the digital economy and agricul‑

ture. Climate indicators have appeared as a factor in the
later stages, highlighting the importance of considering
climate impacts. Future efforts to strengthen synergy be‑
tween the digital economy and agriculture may need to
address challenges posed by climate change.

This study primarily focuses on China. Due to gen‑
erally low digital literacy among Chinese farmers, under‑
developed digital infrastructure, and the “smallholder”
agricultural production model, the ϐindings may differ
from those of other countries, limiting their applicabil‑
ity in other regions. However, the integrated develop‑
ment of the digital economy and agriculture is a crit‑
ical issue that warrants broader attention. Future re‑
search will expand to include the development of digi‑
tal economies and agriculture in other countries within
the analytical framework for comparative analysis. Ad‑
ditionally, the scope of inϐluencing factors will be broad‑
ened to include the effects of environmental conditions,
policies, and other variables, aiming to provide a scien‑
tiϐic basis for policymaking in the digital economy and
agriculture and to offer valuable insights for agricultural
development in other regions.

5. Conclusions
This study uses panel data from 31 provinces in

China from2014 to2021 tomeasure the coupling coordi‑
nationbetweenagricultural TFPand thedigital economy
(DE). A global EBM model is applied to estimate agri‑
cultural TFP, calculating the agricultural productivity for
each province. The entropy weight method is then used
to construct a DE index. Following this, the coupling co‑
ordination model assesses the interaction between DE
and agricultural TFP, categorizing each province into
speciϐic coupling coordination stages. To explore trends
in coupling coordination over time, the Kernel density
estimation method is used to analyze dynamic tempo‑
ral patterns. Spatial distribution is assessed with global
and local Moran’s I indexes, while the Dagum Gini coef‑
ϐicient investigates regional disparities in coupling coor‑
dination among the 31 provinces. Additionally, the ob‑
stacle degree model identiϐies barriers impacting the co‑
ordination between the digital economyand agricultural
productivity. Based on this comprehensive analysis, the
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following conclusions are drawn:
During the observation period, the coupling coor‑

dination degree between the digital economy (DE) and
agricultural total factor productivity (TFP) in China’s 31
provinces initially experienced a phase of “multipolar‑
ization” before stabilizing, ultimately reaching a prelimi‑
nary level of coordination or higher. There is evidence of
a “regional monopoly” effect, with certain regions dom‑
inating. In the short term, the central and western re‑
gions may face challenges in achieving signiϐicant break‑
throughs, potentially becoming “weak links” that hinder
improvements in the overall coupling coordination de‑
gree.

After incorporating spatial geographical factors,
the agglomeration effect among the 31 provinces shows
continuous change, yet some western provinces still ex‑
hibit a “low‑low” agglomeration pattern. All provinces
in the “high‑high” agglomeration zone are located in the
eastern region. Provinces in the intermediate stage of
coupling coordination do not show signiϐicant positive
spillover effects on neighboring provinces, and those in
the preliminary coordination stage do not beneϐit from
a learning effect from more advanced provinces. This
situation increases the likelihood of the Matthew effect,
where strong provinces grow stronger and weaker ones
fall further behind.

After incorporating differentiating factors, the dis‑
parities in the coupling coordination degree among
provinces mainly stem from inter‑regional differences,
with the ranking of these disparities being “inter‑
regional > intra‑regional > super‑variable density”. Inter‑
regional disparities (between the Central‑Western and
Eastern‑Western regions) are widening. At the same
time, disparities within the central and western regions
are also increasing. Initially, the obstacles affecting the
coupling coordination degree were related to infrastruc‑
ture indicators in both the digital economy and agricul‑
tural production. However, in later stages, these obsta‑
cles shifted to speciϐic indicators tied to the digital econ‑
omy and agricultural production.

Based on the above analysis, this paper proposes
the following three recommendations: (1) Adopting a
systemic approach to coordinated development is cru‑
cial to emphasize the synergy between the digital econ‑

omy and agricultural total factor productivity. As indi‑
cated by the analysis, the coupling coordination degree
is highest in the eastern region, followed by the central
and western regions. To prevent the widening of re‑
gional disparities, it is essential to establish a goal of co‑
ordinated and balanced development. Policy guidance
and support should be leveraged to clarify the develop‑
ment objectives for both the digital economy and agricul‑
ture in each province, promote innovation in digital tech‑
nologies within the agricultural sector, and raise farm‑
ers’ awareness of the integration of the digital economy
with agriculture. Special attention should be given to
farmers in the central and western regions by provid‑
ing digital agriculture technology training and fostering
an awareness of sustainable agricultural development.
(2) Emphasize spatial agglomeration effects and driv‑
ing forces, and enhance regional collaboration mecha‑
nisms. Provinces should actively seek complementary
advantages and areas of cooperation, particularly in the
eastern region,wherepositive spillover effects shouldbe
strengthened. Provinces in the central region should fo‑
cus on implementing collaborative mechanisms such as
“inter‑provincial alliances” and “cross‑provincial cooper‑
ation”. Despite facing disadvantages in terms of funds
and manpower compared to the eastern region, the cen‑
tral region holds relative advantages over the western
region. Identifying cooperative bases within the central
region can amplify these leading effects. Given the dif‑
ϐiculty of transforming agricultural resources into eco‑
nomic value and the high costs of exploitation in the
western region, targeted strategic support policies are
needed. (3) Continue improving the construction of ru‑
ral anddigital infrastructure. Enhance thequality of elec‑
tricity supply and narrow the “digital divide”. Speciϐi‑
cally, in the western region, it is essential to accelerate
the deployment of supporting facilities such as internet
access and logistics in rural areas, as well as establish
digital agricultural management platforms to facilitate
faster access to markets for agricultural products. This
will strengthen the positive feedback loop for integrat‑
ing digital agriculture. The government should increase
investment in scientiϐic and technological funding, pro‑
vide more support for agricultural technological innova‑
tion, and simultaneously cultivate talent with expertise
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in both agriculture and digital technologies.
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