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Abstract: China’s high-quality economic development is strongly supported by the high-quality
development of agriculture, and the digital economy has emerged as a key driver for promoting
shared prosperity and high-quality economic development. Against this backdrop, investigating the
connection between high-quality agricultural development and the digital economy holds significant
importance. This study utilized the entropy-weighted TOPSIS model to evaluate comprehensive
evaluation indicators of the two according to panel data from 30 provinces in China between 2011
and 2021. Subsequently, GIS spatial analysis and exploratory spatial data analysis (ESDA) were
employed to investigate the spatiotemporal evolution features and spatial correlations. Finally, the
spatiotemporal geographically weighted regression (GTWR) model was constructed to examine the
spatiotemporal impact of the digital economy on the advancement of high-quality agricultural growth.
The results indicate that: (1) from 2011 to 2021, China’s high-quality agricultural development and
digital economy both demonstrated a general increasing trend. In terms of spatial distribution,
there were significant spatial variations, with a general trend of “Southeast is higher, whereas the
Northwest is lower”. The regions with significant value were primarily clustered in the coastal areas
in the east and several provincial capitals. (2) Both of the two exhibited significant global spatial
self-correlation, and there were also significant spatiotemporal clustering effects in high-quality
agricultural growth, gradually forming a high-value cluster centered around Shanghai and a low-
value cluster centered around western provinces. (3) The digital economy positively influences the
enhancement of high-quality agricultural development, demonstrating notable spatial and temporal
heterogeneity. In contrast to the southeastern areas, the influence is more pronounced in the northern
and central-western areas.

Keywords: digital economy; high-quality agricultural development; spatiotemporal effects;
GTWR model

1. Introduction

China stands as a prominent global agricultural force, with agriculture holding con-
siderable importance in the nation’s economic landscape. “The White Paper on China’s
Food Security” pointed out that China has undergone a significant transition from hunger
to sufficiency and then to moderate prosperity. In 2022, China achieved an overall grain
output of 687 million tons [1], and some key agricultural products have consistently held
the top position globally in terms of production. Despite China’s remarkable achievements
in agriculture, it finds itself in a dual predicament of low efficiency, low innovation drive,
and environmental pollution. The high agricultural inputs are accompanied by low grain
yields which are far below those of European and American developed nations [2]. The
application of synthetic fertilizers not only seriously pollutes the environment but also
accelerate the depletion of resources [3]. Traditional production factors, agricultural produc-
tion techniques, and agricultural development models can no longer provide sustainable
momentum for achieving high-quality agricultural development. Insufficient innovation
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drive in agriculture and inadequate international competitiveness of agricultural products
have gradually become important factors restricting the modernization of agriculture and
the overall revitalization of the countryside. It is imperative to investigate new paths to
foster high-quality agricultural growth.

The digital economy has emerged as a key driver for promoting shared prosperity and
high-quality economic development. The Chinese government has repeatedly emphasized
the necessity of implementing rural digital development initiatives, expediting the creation
of digital application scenarios, and accelerating the growth of “smart agriculture”. In
the last few years, China has been committed to implementing the digital agricultural
growth strategy, and modern agriculture is moving towards digitization. Agricultural
digitization has emerged as a significant factor contributing to high-quality agricultural
growth and providing a new impetus for rural economic development [4,5]. Against this
backdrop, studies that explore the connection between the digital economy and high-quality
agricultural development are both theoretically and practically significant.

2. Literature Review

There is a relatively abundant body of studies related to this topic, which mainly
focuses on three aspects. One aspect is the connotation, spatial patterns, and economic
effects of the digital economy. “Digital economy” is a recently emerged economy that has
been shaped by advancements in information and communication technologies (ICTs).
Since the formal proposal of the idea of the “digital economy” by Tapscott [6], scholars
both domestically and internationally have engaged in plenty of discussions on different
aspects, leading to a substantial body of studies. In relation to the connotation, Tapscott
suggests that its prominent features include digitization, the fact that it is knowledge-
based, virtualization, and interconnectedness. In terms of spatial patterns, there are notable
regional disparities, primarily because of variations in available resources and digital
infrastructure [7–10]. Research has found that China’s digital economy has evolved from
an initial stage of agglomeration to a more balanced and diffused development pattern.
Regarding economic effects, Zhang proposed that it promotes the modernizing of the
industrial framework and enhances industrial economy’s technological content [11]. Zhang
and colleagues suggested that it is beneficial for top-notch economic growth and shared
prosperity. It can enhance resource allocation efficiency to promote top-notch economic
growth [12,13]. Cao proposed that it can encourage top-notch industrial growth through
new models such as networked collaboration and personalized customization [14]. Su
and colleagues pointed out that it offers strong support for environmentally conscious
development of the tourism industry and for promoting energy-saving, low-carbon, and
top-notch development of the tourism sector [15].

The second aspect involves the investigation of high-quality agricultural development.
The existing literature has explored it from two perspectives. Firstly, researchers have
primarily focused on constructing evaluation systems and measuring indicators. A key
metric for assessing the rise of a nation’s wealth is total factor productivity (TFP), which is
especially important in developing nations [16–18]. It has become a crucial metric for mea-
suring superior agricultural development. However, TFP in agriculture primarily considers
capital and labor factors while neglecting environmental factors related to the growth of
sustainable agriculture. Therefore, it is unable to adequately capture the environmental
advantages of high-quality agricultural development [19]. Secondly, consider the natural
motivations and pathways leading to high-quality agricultural development. Currently,
there is abundant research in the theoretical field. This research includes studies on the
incremental inputs of key resources like land and labor [20], technological innovation, and
digital finance [21]. These factors are all important in influencing high-quality agricul-
tural development. Furthermore, innovation in agricultural technology is essential for
achieving high-quality agricultural advancement [22,23]. Informatization is a key driver
of technological innovation, and agricultural informatization helps to improve the TFP in
agriculture [24].
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The third aspect involves studying the connection between the digital economy and
advanced agricultural development. With the swift advancement of new-generation in-
formation technologies, the digital economy is constantly empowering agriculture and
becoming a fresh source of power and momentum for high-quality agricultural develop-
ment [25,26]. Scholars such as Zhou and Li have suggested that the digital economy has
the potential to overcome the constraints of time and space in exchanging information, thus
facilitating the integration of agricultural resources and thereby improving agricultural pro-
ductivity and development [27,28]. Zhang and colleagues suggested that advancements in
agricultural technology within the digital economy could enhance overall green productiv-
ity in agriculture [29]. Wang and colleagues discovered that digital finance could enhance
the process of high-quality agricultural development, but there are dual thresholds for the
impact of the former on the latter [30]. Tang Y. highlighted the importance of agricultural
digitalization in achieving the goals of high-quality agricultural advancement [31].

The significance of leveraging the digital economy to enhance the quality of agricul-
tural development has been acknowledged and underscored. A comprehensive exami-
nation of the relationship between the two from an empirical perspective has been fairly
thorough. However, the current body of literature is deficient in novel methodologies and
innovative viewpoints for investigating the relationship between the two entities. Currently,
there has been no utilization of ArcGIS spatial visualization techniques and GTWR models
to investigate the spatiotemporal impact effects of the two. Hence, examining the influence
of the digital economy on the advancement of high-quality agriculture from both temporal
and spatial viewpoints, bears significant practical and theoretical implications. The study
will utilize data collected from 30 provinces in China between 2011 and 2021. The study
aims to investigate the spatiotemporal distribution patterns and effects of the two in China
by utilizing the entropy-weighted TOPSIS model, geographic information system (GIS)
spatial analysis, and the GTWR model. The objective is to further clarify the relationship
between the two and provide valuable insights for achieving high-quality agricultural
development in the context of agricultural and rural modernization.

3. Model Construction and Indicator Description
3.1. Entropy-Weighted TOPSIS

The entropy-weighted TOPSIS method is used to evaluate the levels of different
subsystems and the overall levels of digital economy and high-quality agricultural devel-
opment. This method integrates the entropy weight method with the TOPSIS model to
offer a comprehensive evaluation approach. The integration of both methods can mitigate
the challenges of exclusively relying on the entropy method for ranking evaluation out-
comes and the subjectivity concerns linked to the exclusive use of the TOPSIS model. This
integration enhances the objectivity and comparability of research findings. The principle
entails the application of the entropy weight method to standardize indicators of each
subsystem, determining the weights of each evaluation indicator in the overall indicator
system. Subsequently, the TOPSIS method is employed to calculate the comprehensive
scores of the evaluation subjects. It is a frequently employed multi-criteria decision-making
analysis technique. It is well-suited for comparative studies involving multiple scenarios
and objects, aiming to determine the optimal choice or the most competitive object. The
evaluation process involves ranking objects by assessing the distance between each object
and the ideal and worst solutions, thereby providing a comprehensive score. An object is
deemed optimal when it is in proximity to the ideal solution and distant from the worst
solution; otherwise, it is considered non-optimal. The subsequent stages outline the exact
steps involved in the calculation.

(1) The entropy weighting technique is employed to determine the weights of the indi-
cators. The variable m denotes the sample size, while n represents the number of
evaluation indicators. Additionally, k = 1/ln(m). Initially, the entropy values of each
indicator are calculated using Equation (1), where “yi “represents the value of the j-th
indicator in the i-th sample, and ej denotes the entropy value of each indicator, with
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0 ≤ ej ≤ 1. Subsequently, the weights of each indicator are calculated based on the
entropy values ej of each indicator, as shown in Equation (2), where Wj represents the
weight of the j-th indicator.

ej = −k
m
∑

i=1

[(
yij/

m
∑

i=1
yij

)
× ln

(
yij/

m
∑

i=1
yij

)]
(1)

Wj =
(
1 − ej

)
/

n

∑
j=1

(
1 − ej

)
(2)

(2) The Euclidean distance is calculated, representing the distance of evaluation indicators
from the ideal solution D+

i and the worst solution D−
i , as shown in Equations (3) and (4),

where vij denotes the weighted normalized matrix of each indicator (vij = Wjyij),
v+j denotes the ideal solution (vij = Wjyij), and v−j denotes the worst solution
(vij = Wjyij).

D+
i =

√√√√ m

∑
j=1

(
vij − v+j

)2
(3)

D−
i =

√√√√ m

∑
j=1

(
vij − v−j

)2
(4)

(3) The comprehensive evaluation index is calculated, specifically measuring the relative
closeness of each evaluation object to the optimal solution.

Ni = D−
i /

(
D+

i + D−
i
)

(5)

In the equation, Ni denotes the comprehensive score, which refers to the comprehen-
sive evaluation index. The value of Ni ranges from 0 to 1; if Ni approaches 1, it signifies
that the indicator is closer to the optimal value. Conversely, if Ni approaches 0, it suggests
that the indicator is closer to the worst level.

3.2. Exploratory Spatial Data Analysis (ESDA)

ESDA is used to observe the correlation and variation of phenomena in space and
involves both global and local aspects. The Global Moran’s I is used to measure the
dispersion or clustering degree among all spatial units in the entire study area. The formula
is as follows:

IG =

n
∑

i=1

n
∑

j=1
wij(xi −

_
x)(xj −

_
x)

S2
n
∑

i=1

n
∑

j=1
wij

(6)

In the equation, IG represents the Global Moran′s index, n represents the number of
cities in the study, xi and xj, respectively, represent the attribute values of cities i and j, x rep-
resents the average value of the attribute, S2 represents the sample variance of the attribute
values of the research units, and wij represents the inverse distance spatial weight matrix.

In the local autocorrelation test, the LISA statistic is introduced to measure the spatial
clustering features of different samples in space, as follows:

LISA =
Xi −

_
X

S2 ∑n
j=1

[
wij(Xj −

_
X)

]
(7)
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3.3. GTWR Model

Huang [32] first proposed the use of the spatiotemporal geographic weighted regres-
sion model (GTWR) for modeling spatiotemporal changes in house prices. Compared with
the traditional geographic weighted regression model [33], the GTWR model incorporates a
time dimension, which can better handle the non-stationarity of “time–space” and produce
more effective estimation results [34]. Therefore, this paper adopts the GTWR model to
analyze the impact in different spatiotemporal dimensions. The model is as follows:

Yi = β0(ui, vi, ti) +
p

∑
k=1

βk(ui, vi, ti)Xik + εi (8)

In the equation, Yi represents the observed value. (ui, vi) represents the latitude
and longitude of the i-th observation point. ti represents the time parameter. (ui, vi, ti)
represents the spatiotemporal coordinates of the i-th observation point. β0 represents the
regression constant. βk(ui, vi, ti) symbolizes the k-th independent variable’s regression
coefficient at the i-th observation point. εi represents the residual.

The core elements of the GTWR model are the selection of the spatiotemporal weight
matrix and bandwidth. The spatiotemporal weight matrix provides an estimation for each
spatiotemporal location of the observation point “i” and the independent variable “k”, as
illustrated in the following formula:

β̂(ui, vi, ti) =
[

XTW(ui, vi, ti)X−1
]

XTW(ui, vi, ti)Y (9)

In the equation, β̂(ui, vi, ti) symbolizes the estimated value of βk(ui, vi, ti); W(ui, vi, ti)
symbolizes the spatiotemporal weight matrices; XT presents the transposition of the matri-
ces; and Y represents the matrices composed of observed values.

This study employs the bi-square spatial weighting function, a finite Gaussian function,
to mitigate the “long tail effect” resulting from data dispersion. The model is presented
as follows:

Wij
ST =


[

1 −
(

dij
ST

bi

)2
]−2

, dij
ST ≤ bi

0, dij
ST > bi

(10)

In the equation, Wij
ST represents the spatiotemporal weight matrices produced from

the bi-square spatial weight function, and dij
ST represents the spatiotemporal distance

between observation point “i” and observation point “j”. The formula is as follows:√
δ
[(

ui − uj
)2

+
(
vi − vj

)2
]
+ µ(ti − tj)

2.Clearly, the selection of the bandwidth “b” in

the formula will have a big impact on how the spatiotemporal weight matrix is established,
and this paper utilizes the AICc criterion method to determine an adaptive bandwidth.

3.4. Indicator Description
3.4.1. Dependent Variable

The comprehensive assessment index system for promoting high-quality agricultural
development is built upon five key development principles: creativity, collaboration,
sustainability, openness, and innovation [35], as well as the viewpoints of improving
quality and efficiency and integrating industries, drawing from relevant research. The
system consists of five dimensions: basic development, quality improvement, integrated
development, new quality development, and shared development (Table 1). Subsequently,
the level of high-quality agricultural growth was assessed using the TOPSIS approach for
30 Chinese provinces between 2011 and 2021.
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Table 1. System of evaluation indicators for high-quality development of agriculture.

Primary Indicators Secondary Indicators Indicator Description Characteristics Weight of Indicators

Basic development
Grain yield per unit area Total area of grain

cultivation/seeding area + 0.01509

Level of agricultural
mechanization

Total agricultural machinery
power/arable land area + 0.04114

Quality improvement

Labor productivity

The combined value of animal
husbandry, forestry, and

agriculture/number of primary
industry employees

+ 0.03242

Land productivity Total value of agricultural
production/crop sown area + 0.04593

Rural per capita income Average income per person in
rural family + 0.0441

Index of agricultural industrial
structure adjustment

Value of agricultural products/the
combined value of animal
husbandry, forestry, and

agriculture

+ 0.00605

Engel coefficient of rural
residents

Engel coefficient of rural
populations − 0.01028

Urban/rural income ratio
Urban dwellers’ per capita

disposable income/rural dwellers’
per capital disposable income

− 0.01192

Urban/rural consumption
ratio

Urban dwellers’ per capita
consumption expenses/rural

dwellers’ per capita consumption
expenses

− 0.01106

Integrated development

The proportion of added value
of the tertiary industry

Value added of the tertiary
industry/value added of the

primary industry
+ 0.31082

Proportion of agricultural
product processing industry

The agricultural product
manufacturing sector’s operating

income/value of agricultural
products

+ 0.11777

Proportion of agriculture,
forestry, animal husbandry

The combined value of animal
husbandry, forestry, and

agriculture/the combined value of
primary sector

+ 0.07435

New quality development

Degree of plastic film usage in
agriculture

Amount of plastic film used in
agriculture/crop sown area − 0.0058

Level of fertilizer usage in
agriculture

Amount of fertilizer used in
agriculture/crop sown area − 0.00937

Level of pesticide usage Quantity of pesticide applied/crop
sown area − 0.01644

Forest coverage rate Forest area/cultivated land area + 0.04131

Rate of efficient irrigation Area of efficient
irrigation/cultivated land area + 0.03811

Shared development

Local financial education level Local fiscal education expenditure + 0.04487

Financial support for
agriculture

Expenditure on agricultural,
forestry, and water affairs + 0.03527

Level of agricultural openness Total agricultural product import
and export trade/GDP + 0.08789

Note: “+” indicates a positive indicator, “−” indicates a negative indicator.

In terms of the basic development dimension, a solid agricultural foundation is an
essential and important support. The stability, efficiency, and sustainable development of
the agricultural sector cannot be achieved without the development and application of
revolutionary cutting-edge technologies. With the trend of modern agricultural production
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being dominated by large-scale land use, modern mechanical equipment has begun to
be widely utilized [36]. Therefore, this study integrates the degree of mechanization
in addition to the per unit area grain yield to jointly measure the level of agricultural
basic development.

In terms of the quality improvement dimension, development must consider both
quality and efficiency. This dimension includes improving the living standards of rural res-
idents and promoting agricultural innovation. Therefore, this study utilizes rural residents’
net income and the rural Engel coefficient to depict the production and living conditions of
farmers. Additionally, the urban/rural income ratio and urban/rural consumption ratio
are chosen to assess the urban/rural development gap [37]. The study also incorporates the
agricultural industry structure adjustment index, labor productivity, and land productivity
to assess agricultural innovation.

In terms of the integrated development dimension, the integration of agricultural
industries is indispensable [38]. The deep integration of agriculture with industries such as
ecology, culture, tourism, and elderly care represents an inevitable choice. Deep integration
refers to efficient integration across various agricultural stages by widening the industrial
chain, extending vertically, making the industry multifunctional, and aggregating factors
based on agricultural production [39,40]. It enhances the effectiveness, sustainability,
and competitiveness of agricultural production by combining the output of the primary
sector, the processing and sales of the secondary industry, and the services of the tertiary
sector. This study employs the ratio of the output value of the agriculture, forestry, animal
husbandry, and fishery service industry, the output value proportion of the agricultural
product processing industry, and the added value of the tertiary industry as indicators to
quantify agricultural industry integration.

In terms of the new quality development dimension, this study integrates agricultural
green and sustainable development and introduces the concept of “new quality develop-
ment”. The precondition for the green development of agriculture is to avoid excessive
consumption of resources and environmental pollution. Hence, the study employs the per
unit area of plastic film usage as a metric to assess resource consumption levels. (Agricul-
tural plastic films require significant amounts of raw materials such as petroleum, natural
gas, and water in their production processes, potentially resulting in considerable resource
depletion. During the utilization phase, inadequate management practices may result
in wastage and the frequent replacement of plastic films, leading to resource depletion).
Additionally, the measurement of environmental pollution levels includes the assessment
of fertilizer and pesticide usage per unit area. The sustainable development of agriculture
emphasizes the effective management and sustainable utilization of natural resources. This
approach aims to prevent the overuse and wastage of resources, thereby guaranteeing the
long-term stability of resource availability. Hence, this study opts to utilize forest coverage
and the effective irrigation rate as indicators to assess the degree of sustainable agricultural
resource utilization.

The shared development dimension includes both domestic shared development and
international shared development. For domestic agricultural shared development, local
financial resources directed towards agricultural education expenditure and providing
financial support to the agricultural sector are considered. The intensity of financial
support for agriculture reflects the strength of national financial investment [41], and it
is an important policy for supporting agricultural development, as well as a significant
approach to addressing the shortage of funds for agricultural production among farmers.
For international shared development, the level of agricultural foreign trade is used to
reflect the influence of a country’s agriculture and its level of openness. This paper selects
the proportion of total agricultural import and export trade to measure this.

3.4.2. Explanatory Variables

According to previous studies, considering data availability and continuity, this study
has chosen three dimensions—digital industrial development, digital infrastructure, and
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digital inclusive finance—to establish a comprehensive evaluation system for the digital
economy (Table 2). This study employed the TOPSIS approach to obtain the thorough index
of the digital economy for every province and city. The Digital Inclusive Finance Index
incorporates the Inclusive Finance Index, a collaborative effort between Peking University
Digital Finance Research Center and Ant Financial Group [42]. This dataset provides three
secondary indicators: coverage breadth, depth of usage, and level of digitization. It is
widely acknowledged as a reputable source of data in China.

Table 2. System of evaluation indicators for the digital economy.

Primary Indicators Secondary Indicators Characteristics Weight of Indicators

Digital infrastructure

Ports available for broadband internet
connectivity (in tens of thousands) + 0.02861

Long-distance optical cable length (in ten
thousand kilometers) + 0.01764

Rate of mobile phone ownership per one
hundred individuals + 0.01178

Domain name count (in ten thousands) + 0.06488

Digital industrialization

Total postal business volume (in CNY 100
millions) + 0.09503

Total telecommunications business volume
(in CNY ten billions) + 0.05837

Scale of software product revenue + 0.09107

Number of workers in the information
service sector (in ten thousands) + 0.05252

Expenditure on research and development
(in CNY ten billions) + 0.48609

Number of patent applications (in
thousands) + 0.06043

Inclusive digital finance

Extent of inclusive digital finance coverage + 0.01268

Depth of inclusive digital finance usage + 0.01113

Degree of digitization of inclusive digital
finance + 0.00978

Note: “+” indicates a positive indicator.

3.4.3. Selection of Control Variables

The following control variables are included: (1) urbanization level (ur), determined
by the ratio of urban population to total population; urbanization provides support for
the advancement of agriculture in terms of market, technology, and funding, creating
objective conditions for the process of modernizing and improving agriculture. (2) Rural
education level (edu), determined by the average number of years of education among rural
dwellers. (3) The industrial structure level (jgh) is indicated by the ratio of value added
from the tertiary industry to the value added from the secondary industry. Upgrading
the industrial structure promotes the optimization and adjustment of the agricultural
production structure and increases the demand for higher-quality agricultural products.
(4) Level of openness (open) is represented by the proportion of the actual total import and
export volume of each province to the regional gross domestic product. It can promote
regional economic prosperity and accelerate rural agricultural modernization. (5) The
old-age dependency (old) refers to the severe shortage of human capital caused by the
aging of the rural workforce, which will hinder the further development of rural industries.
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3.4.4. Source of Data

Given the importance of data accessibility and timeliness, this study opted to utilize
panel data from 30 Chinese provinces between 2011 and 2021 as the sample for analysis.
The data primarily originate from the annual publications such as the China Rural Sta-
tistical Yearbook, China Agricultural Products Processing Industry Yearbook, China Statistical
Yearbook, China Agricultural Yearbook, as well as from various provincial statistical yearbooks.
Missing data were approximated through the utilization of the mean annual growth rate
and interpolation.

4. Results and Analysis
4.1. The Spatiotemporal Evolution of the Digital Economy and the High-Quality Development
of Agricultural Economy
4.1.1. Time Series Feature Analysis

The time series chart (Figure 1) depicted in this study illustrates the comprehensive
evaluation index of the digital economy and high-quality agriculture for 30 provinces.
The index was calculated using the entropy-weighted TOPSIS method. The line graph
illustrates the aggregated composite scores calculated by averaging the composite scores of
the 30 provinces, while the bar graph depicts the composite scores of different sub-regions
obtained by averaging the composite scores of the corresponding provincial regions. The
data presented in Figure 1 illustrate a continuous upward trend in China’s digital economy
from 2011 to 2021. The comprehensive score of the digital economy increased from 0.053 in
2011 to 0.187 in 2021, indicating a relatively rapid growth rate. Furthermore, a consistent
upward trend has been noted in various regions. Particularly noteworthy is the higher
level in the eastern regions compared to other areas annually, indicating a geographical
distribution pattern of “East > Central > West > Northeast”. The phenomenon can be
attributed to the larger economic scale and faster economic growth rate in the eastern region
coupled with policy incentives aimed at fostering the digital revolution and expanding the
digital industry.
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Figure 1. Value of the digital economy and high-quality development of agriculture, 2011–2021.

From Figure 1, it is evident that China’s level of high-quality agricultural develop-
ment has been steadily rising between 2011 and 2021. The level in various regions has
also shown an overall stable upward trend; however, there are significant regional vari-
ations: the level in the eastern region surpasses that in other regions, suggesting a high
quality of agricultural development. Conversely, the western and northeastern regions
exhibit levels below the national average, indicating a lower quality of agricultural de-
velopment. Possible reasons for this include the following: (1) the accelerated pace of
agricultural advancement in the eastern regions has resulted in a more pronounced reduc-
tion in arable land area compared to the western regions. This situation necessitates an
improvement in efficiency and yield to compensate for losses, consequently fostering a
higher standard of agricultural development; (2) provinces with high-quality agricultural
development have received better financial and technological support, enabling more
efficient use of resources, accelerating agricultural transformation, promoting industrial
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structure adjustment, and continuously improving industrial efficiency and productivity;
(3) provinces with low-quality agricultural development face different limiting factors,
with some provinces lacking in environmental resources, while others, despite abundant
resources, have relatively weak production efficiency and technological innovation.

Through comparative analysis, it was found that there is a high degree of consistency in
the temporal characteristics of digital economy and high-quality development of agriculture
between the country and various regions. Therefore, a preliminary prediction can be
made: the digital economy possesses the possibility to drive agriculture towards high-
quality development.

4.1.2. Spatial Distribution Characteristics Analysis

Utilizing ArcGIS and the natural breaks method to visualize the levels of digital
economy and high-quality agricultural development in 2011, 2016, and 2021 allows for an
intuitive observation of the spatial agglomeration characteristics and evolutionary trends
in different provinces, as depicted in Figures 2 and 3.
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Figure 2. Spatial distribution of the digital economy.
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Figure 3. Spatial distribution of the high-quality development of agriculture.

In terms of the spatial distribution of the digital economy, significant regional dis-
parities are evident among the eastern, central, and western regions. In 2011, it showed
significantly greater progress in the eastern areas compared to other areas, with the north-
eastern and northwestern areas surpassing the central and western areas. Areas with low
levels of it were primarily concentrated in the central and western regions. From 2016 to
2021, there was a consistent pattern of gradual decline observed from the coastal areas
in the east towards the northwestern and northeastern regions. Specifically, high-value
areas were primarily concentrated in the eastern coastal areas and sporadically dispersed
in the central and western areas. Shanghai, Beijing, Zhejiang Province, and Fujian Province
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consistently maintained their positions in the top five rankings. Low-value regions were
mostly centered on the northwestern and northeastern areas, like Xinjiang Province, Gansu
Province, Qinghai Province, Jilin Province, and Heilongjiang Province, which consistently
maintained relatively low levels.

High-quality agricultural development showed a spatial distribution pattern with
high levels in the southeastern coastal areas and low levels in the central, western, and
northeastern regions, and the distribution of high- and low-value areas demonstrated
relatively stable changes over time. In terms of geographical distribution, Shanghai, Beijing,
Fujian Province, Zhejiang Province, and Tianjin consistently maintained their status as
high-value areas. The surrounding radiation areas, centered around Hunan Province
and Shandong Province, were considered secondary high-value areas. The majority of
the central, western, and northeastern regions had levels of high-quality agricultural
development below the national average, classifying them as low-value areas. Specifically,
Shanghai consistently maintained the highest level, while Gansu Province and Shanxi
Province consistently remained at the lowest level.

4.2. Spatial Correlation Analysis
4.2.1. Global Spatial Autocorrelation

From a spatial perspective (Table 3), the Global Moran’s index is positive and has
passed the significance test at the 1% level. This indicates the presence of significant global
spatial autocorrelation.

Table 3. Global Moran index.

Year

High-Quality Agricultural
Development Digital Economy

Moran’s I Z Value p Value Moran’s I Z Value p Value

2011 0.350 5.132 0.000 0.204 3.240 0.001
2012 0.340 5.080 0.000 0.260 3.981 0.000
2013 0.385 5.628 0.000 0.212 5.108 0.000
2014 0.374 5.480 0.000 0.198 3.210 0.001
2015 0.374 5.599 0.000 0.192 3.151 0.002
2016 0.360 5.529 0.000 0.262 4.078 0.000
2017 0.335 5.330 0.000 0.341 5.093 0.000
2018 0.322 5.177 0.000 0.269 4.237 0.000
2019 0.317 5.158 0.000 0.215 3.492 0.000
2020 0.321 5.220 0.000 0.135 2.389 0.017
2021 0.335 5.417 0.000 0.186 3.061 0.002

4.2.2. Local Spatial Autocorrelation

However, local spatial autocorrelation allows for the assessment of spatial correlation
among individual spatial entities within a specific region and their neighboring entities, a
capability not provided by the Global Moran’s index. Hence, this study opted to analyze the
local spatial autocorrelation in 2011 and 2021. Building on the Global Moran’s index, LISA
cluster maps were generated to visually represent the spatial clustering of heterogeneous
characteristics, as depicted in Figures 4 and 5. As shown in Figure 4, the region characterized
by high–high agglomeration in terms of digital economy development in 2011 is situated in
Shanghai. In contrast, by 2021, the high–high aggregation area has extended from Shanghai
to Zhejiang Province, while the low–low aggregation region was primarily concentrated
in Xinjiang Province. As depicted in Figure 5, high and low levels of agglomeration
are observed in the high-quality agricultural development in China, and the high–high
agglomeration areas are mainly concentrated in the eastern coastal areas. A comparison
reveals a significant overlap of high-value cluster areas between the two during the study
period. Therefore, it is inferred that by enhancing the digital economy development in these
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areas and leveraging the driving and overflow impacts of the digital economy, high-quality
development can be promoted.
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Figure 4. LISA diagram of the digital economy, 2009 and 2021.
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Figure 5. LISA diagram of the high-quality agricultural development, 2009 and 2021.

4.3. Spatiotemporal Non-Stationarity Analysis
4.3.1. Prior Estimation of the Model

To avoid multicollinearity issues between variables and the problem of spurious
regression, tests for multicollinearity and panel data stationarity were conducted, and
Table 4 presents the findings. The value of VIF for each variable is less than 3, suggesting
the absence of multicollinearity issues among the driving factors. The variables of the LLC
test show that the panel data are steady at the 1% significance level and there are no issues of
spurious regression, thus allowing for direct parameter estimation. The industrial structure
and degree of openness did not meet the IPS test criteria. After first-order differentiating
all variables, they all passed the IPS test, suggesting that all variables exhibit first-order
integration. Given that the economic implications of variables may alter following first-
order differentiation, panel cointegration tests were performed to optimize the utilization
of the original sequence data. The test results indicate that both the Pedroni test and
the Westerlund test reject the null hypothesis at a significance level of 1%. This confirms
the presence of cointegration among the original sequence data, thereby enabling direct
regression analysis.
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Table 4. Multicollinearity test and variable unit root test.

Variables VIF 1/VIF LLC Test IPS Test
(Level)

IPS Test
(1st Difference)

ng - - −12.161 *** −3.7503 *** −7.3356 ***
dig 1.83 0.545 −13.939 *** −5.7094 *** −6.7229 ***
ur 2.60 0.384 −5.772 *** −2.4742 *** −3.3516 ***
edu 1.77 0.565 −13.367 *** −4.8112 *** −7.9699 ***
jgh 1.61 0.622 −6.073 *** −0.4750 −4.8186 ***
open 1.90 0.525 −4.196 *** 0.9432 −5.9407 ***
old 1.24 0.806 −13.104 *** −4.3520 *** −7.5757 ***
Mean VIF 1.83 - -

Note: *** represents significance at the 1% level.

4.3.2. Model Testing and Selection

Leveraging ArcGIS to compare and contrast the goodness of fit (R-squared), AICc, and
RSS for the OLS, TWR, GWR, and GTWR models enhances the scientific rigor of model
selection. The model automatically sets the optimal bandwidth based on the AICc criterion.
A higher R-squared value indicates a better model fit, while smaller RSS and AICc values
indicate better model fit. Table 5 displays the results. The GTWR model demonstrates the
lowest RSS and AICc values as well as the highest R-squared value, indicating that the
GTWR model’s fit is better. Consequently, the GTWR model was chosen.

Table 5. Regression model selection test.

Parameters OLS TWR GWR GTWR

R-squared 0.763 0.845 0.924 0.961
Adjusted
R-squared - 0.842 0.922 0.960

AICc −746.374 −846.323 −1025.1 −1153.03
RSS 1.929 1.270 0.624 0.319
Bandwidth - 0.196 0.115 0.115

Note: bandwidth is the optimal bandwidth of the model, controlling its smoothing level.

4.3.3. Robustness Test

In this study, the explanatory variable “digital economy” was replaced by three
variables: digital infrastructure (dig1), industrial digitalization (dig2), and digital inclusive
finance (dig3). Subsequently, regression analysis was performed using the OLS and GTWR
model. As demonstrated in Table 6, it is clear that the R-squared values for these three
variables are higher in the GTWR model, with smaller RSS and AICc, suggesting that the
GTWR model’s fit is better than the OLS model, thus demonstrating the robustness of the
model selection.

Table 6. Robustness test results.

Parameters
dig1 dig2 dig3

OLS GTWR OLS GTWR OLS GTWR

R-squared 0.769 0.976 0.753 0.945 0.772 0.974
Adjusted
R-squared 0.975 0.944 0.973

AICc −1257.9 −1770.6 −1235.9 −1616.12 −1260.7 1735.5
RSS 0.409 0.042 0.437 0.098 0.406 0.047
Bandwidth 0.011 0.017 0.012

4.3.4. Temporal Non-Stationarity Evolution of the Impact of the Digital Economy

Using ArcGIS 10.8 software, the regression coefficients for the impact of the digital
economy under the GTWR model were calculated, and the trend over time (Figure 6) was



Sustainability 2024, 16, 2814 14 of 19

further visualized. From Figure 6, it is evident that the average value of it is consistently
positive, indicating a significant promotional effect on the high-quality development of
agriculture. However, because of factors such as the level of urbanization and industrial
structure in various provinces, the promotional effect fluctuates over time, showing signifi-
cant temporal non-stationarity with significant differences in different years. Additionally,
the dispersion of the regression coefficients across provinces gradually decreases from 2011
to 2015 and increases from 2015 to 2021, indicating a significant spatial non-stationarity in
the promotional effect.
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4.3.5. Spatial Non-Stationarity Evolution of the Impact of the Digital Economy

For the purpose of clearly demonstrating the heterogeneity of the impact of the digital
economy on the high-quality development of agriculture in different regions, the regression
results of the GTWR model for 2011, 2016, and 2021 were selected for analysis (Figure 7).
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Figure 7. Spatial distribution of regression coefficients for the digital economy.

It can be observed that the promotional effect shows significant spatial differentiation.
In 2011, high-value areas were primarily located in the northwest and southwest regions. In
2016 and 2021, there was a gradual decrease from the northwest to the northeast-southeast,
with the low-value areas forming in the southeast, suggesting that the promotional effect is
weaker in the southeast coastal areas and stronger in the northwest and northeast areas.
Specifically, in 2011, high-value areas were mostly centered in Xinjiang, Gansu, Yunnan,
Guizhou, Sichuan, and Zhejiang province, which may be attributed to the following reason:
the economic level and agricultural skills in the grain production and sales balance areas
were relatively weak in 2011, and the digital economy significantly motivated the efficiency
of agriculture by changing traditional agricultural production methods.
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In 2016 and 2021, the promotional effect was not significant in the economically
developed areas along the southeast coast. High-value areas were mostly concentrated in
economically underdeveloped areas such as Xinjiang, Gansu, and the three northeastern
provinces. The following are some potential explanations for this: firstly, while rural areas
in the northwest and northeast regions may be trailing behind the southeast in terms
of infrastructure, factor allocation, and locational conditions, the nascent stage of digital
economy development in these areas also suggests a higher potential for development. The
spatial spillover capacity of the digital economy is playing a significant role in mitigating
the inherent developmental resource disparities, thereby alleviating the weaknesses in
agricultural development within these regions. Secondly, the developed southeastern
coastal areas have responded actively to the demands of rapid economic development
and have successively introduced a large number of other economic policy measures to
encourage regional economic development. Therefore, the digital economy has not shown
notable effectiveness. In contrast, the economic development of provinces in the northwest
and northeast areas has many shortcomings, and the digital economy can bring significant
economic dividends to them. Thirdly, in the southeastern coastal areas such as Shanghai,
Guangdong, Jiangsu, and Zhejiang, the development of the digital economy has been
far ahead of other provinces in recent years. These regions have abundant factor supply
and market demand. However, challenges such as heightened competition in the digital
technology industry, urgent need for technological innovation, talent shortage, and intense
competition of homogenization have gradually emerged, diminishing these areas’ capacity
to significantly enhance the high-quality development of agriculture.

In conclusion, it is clear that the promotional effect exhibits significant spatial
heterogeneity.

5. Conclusions and Policy Implications
5.1. Conclusions

This study primarily examined the spatiotemporal heterogeneity of the impact of
China’s digital economy on the high-quality development levels of agriculture across
30 provinces and municipalities from 2011 to 2021. (1) In terms of temporal characteristics,
from 2011 to 2021, there has been a consistent upward trajectory in the advancement of the
digital economy in China alongside a steady annual growth in high-quality agricultural
development. In terms of spatial distribution characteristics, both sectors demonstrate a
spatial distribution trend characterized by higher levels of development in the southeast
region and lower levels in the northwest, highlighting notable spatial disparities. (2) Re-
garding spatial correlation, the Global Moran’s I index indicates that both exhibit significant
global spatial autocorrelation, and the LISA cluster map shows a significant spatiotemporal
clustering effect of high-quality agricultural development, demonstrating the existence of
pronounced “high–high” and “low–low” clustering phenomena. (3) The findings of the
GTWR model suggest that the advancement of the digital economy plays a crucial role in
fostering the high-quality development of agriculture. Robustness tests reveal that this
promotional effect remains significant when the digital economy is tested across different
dimensions. (4) This promotional effect exhibits temporal and spatial non-stationarity, with
a weaker promotional effect in the southeast coastal areas and a stronger promoting effect
in the northwest and northeast regions.

The study makes the following contributions: 1. Innovation in the indicator system for
high-quality agricultural development, by constructing a new comprehensive evaluation
index system with “basic development, quality improvement, integrated development, new
quality development, and shared development” as its core. 2. Innovation in research con-
tent, as there are limited publications in the literature exploring the spatiotemporal impact
of the digital economy on high-quality agricultural development. 3. Innovation in research
methods, by using ArcGIS for spatial visualization to intuitively demonstrate the hetero-
geneity at the regional and geographical distance levels. Additionally, the study utilizes
the GTWR model to analyze spatiotemporal impact. This provides practical evidence for
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formulating differentiated digital economic policies to serve high-quality agricultural devel-
opment and offers a new approach for research on high-quality agricultural development,
thereby supplementing existing research to a certain extent.

5.2. Policy Implications

Firstly, the rural digital economy should be utilized to stimulate the vitality of rural
digital innovation and entrepreneurship. This can be achieved in the following manner:
(1) by developing Internet and related communication infrastructure to enhance the digital
infrastructure in rural areas. (2) By highlighting innovation in digital technology, cultivating
a high-level digital talent team, and fostering agricultural products highly integrated with
digital technology. This will accelerate the industrialization and digital transformation
of rural digital industries. (3) By promoting the deep integration development of digital
inclusive finance with agriculture and rural areas. Emphasis should be placed on innovating
and advancing diversified digital financial service models such as credit, insurance, and
credit services, enabling better adaptation to the rural areas.

Secondly, enhancement of the market capitalization of agricultural listed companies
can be achieved by incorporating digital economy elements and utilizing financial markets.
One manner in which to accomplish this is through the implementation of a comprehensive
strategy that spans across the stages of production, processing, marketing, distribution,
and sales. During production and processing, optimizing digital technology use, fos-
tering innovation in new product development, and embracing value-added processing
technologies are essential. In the marketing process, utilizing E-commerce platforms and
digital marketing strategies is recommended to expand market reach and target new con-
sumer segments. In the distribution and supply chain stages, it is crucial to streamline
distribution and achieve digitalization in the supply chain. The second strategy involves
blended finance, which leverages the collaboration of investment funds, securities firms,
and angel investors to promote the growth of agricultural finance markets and sustain-
able agriculture. Blended finance entails leveraging preferential capital from the public
sector to attract private capital investment, thereby yielding supplementary development
advantages [43]. It can manifest in various forms: 1. equity investment: ownership of
shares in agricultural-related companies can be purchased through private equity or public
markets (also known as “listed stocks”). 2. Debt investment: various forms of credit can be
directly provided to agricultural enterprises or through intermediary entities such as banks
or non-bank financial institutions [44]. This blended finance approach leverages public
funds to steer private investments towards more high-risk ventures within the agricultural
sector, thereby fostering the development of sustainable agricultural practices. This may
involve investing in alignment with new financing arrangements or investment counter-
parts, particularly encouraging the involvement of “mainstream” institutional investors
like pension funds [45].

Third, we should aim to optimize agricultural and rural resource allocation and
promoting rural transformation and upgrading. On one hand, local governments can
improve the efficiency of utilizing rural financial resources by establishing rural financial
service centers through the use of digital technologies. The efficiency of land resource
allocation can be enhanced by utilizing digital technology to establish land factor circulation
platforms. On the other hand, there is a need to facilitate the transformation of traditional
financial institutions in rural areas. Cooperation can be encouraged between rural financial
institutions and major internet companies in urban areas. The following actions should be
carried out: utilizing digital technology to establish cross-regional urban–rural financial
service networks, introducing excellent financial products from urban areas to rural areas,
and implementing innovative upgrades.

Fourth, we should strengthen inter-provincial communication and cooperation and
support for the coordinated development of digital economy and agriculture in various
regions. This is recommended to formulate corresponding policy documents to encour-
age developed provinces to support less developed provinces. The digital economy’s
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driving and overflow effects can be utilized to support comprehensive and coordinated
rural development among regions. Additionally, efforts need to be made by the gov-
ernment to strengthen policy enforcement, especially in regions with relatively slower
development and lower policy enforcement. As an additional measure, ensuring the dili-
gent implementation of industry assistance policies is essential for the overall success of
comprehensive reform.

Fifth, development strategies that are customized, dynamic, and adapted to local
conditions should be clarified. The focus should be on leveraging the digital economy to
facilitate the superior agricultural development of the northeastern and western regions.
Each region must leverage its unique resource endowment and local characteristics to
implement tailored development strategies according to the level of agriculture. The
eastern region should leverage its advantages to promote agricultural innovation. Midwest
and northeastern regions should accelerate to make up for the shortcomings of basic
elements in the construction of digital villages.
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