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Abstract: This study conducts a comprehensive analysis of China’s digital village construction,
emphasizing its role in rural organizational governance, from bureaucracies to self-governance bodies
to market forces and social organizations. Utilizing sample data from 30 provinces from 2014 to 2020,
the study dissects the dynamics and diversity of multi-level governance in bolstering agroecological
efficiency (AEE). Notable insights include a significant positive correlation between digital villages
and AEE. However, it wanes in an “inverted U” pattern beyond a digital development index of
0.8. Furthermore, rural bureaucrats and self-governing entities independently advance AEE, while
market forces and social organizations require enhancement. These findings contribute to the field of
digital village construction and inform sustainable agricultural strategies in developing nations.

Keywords: the construction of digital village; agroecological efficiency; rural multi-level governance;
generalized propensity score matching

1. Introduction

Agriculture remains vital for human sustenance, and it is essential to prioritize sustain-
able practices, digital technologies, climate resilience, food security, ecosystem conservation,
and farmer incomes. The infusion of digital technology in agriculture demonstrates im-
mense potential, as witnessed in IoT’s role in produce management [1] and AI’s contribution
to smart farming [2,3]. These developments are part of a larger trend toward the digital-
ization of agriculture, aiming to boost productivity and address resource supply–demand
imbalances, thus advancing sustainable development [4]. Consequently, initiatives like
Niger’s “Smart Africa Action Plan”, the European Union’s “Smart Villages”, and China’s
digital village endeavor have emerged. For example, the European Union’s “Smart Vil-
lages” provides knowledge, technology, policies, and services to support the development
of “smart villages”, which cover residents’ lives, public services, sustainable development,
and rural industry revitalization. These provide a new development path for solving the
problem of agricultural sustainable development.

Yet, these ambitious projects grapple with implementation challenges, notably in de-
veloping nations. They suffer from inadequate digital infrastructure and farmers’ inability
to adopt new technologies. Moreover, the physical infrastructure of the digital village
itself may introduce environmental pollutants [5]. China’s deployment of village cadres
and technicians illustrates the need for collaborative government–farmer action in digital
village realization, a task necessitating comprehensive research.

As a developing country, China encounters challenges such as the imbalance between
the supply and demand of agricultural resources and environmental issues stemming
from production practices. These circumstances underscore the urgent need for China
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to embark on a digital transformation in agriculture. To answer such challenges, this
study first constructs a multi-level governance system that is “rural bureaucrats–villagers’
self-governance-market forces-social organizations”, which consists of four subjects to
participate in digital rural governance. Among them, rural bureaucrats represent state
power, villagers’ self-governance represents rural construction forces, and market forces
and social organizations represent social forces. Next, this study analyzes the impact of
multi-level rural governance on digital village construction, considering agroecological
efficiency (AEE) as a gauge. AEE is defined as the efficiency of obtaining the highest
economic and social benefits at the lowest possible resource and environmental cost in
the agricultural production process. Current studies on agroecological efficiency in digital
village construction mostly focus on the investigation of average effect and path analy-
sis of rural infrastructure conditions, and few start from the dynamic perspective and
multi-agent structure. Therefore, the study’s innovations are fourfold: (1) detailed exami-
nation of China’s provincial data to elucidate the digital village and AEE relationship,
(2) investigation of AEE’s dynamic dependence on digital village growth via GPSM,
(3) development of an integrated “government–farmer–market and social organization”
governance framework for the digital village and AEE progress, and (4) differentiated
analysis of AEE impacts across crops, grain provinces, and geographies.

2. Literature Review

Digitalization is affecting every aspect of rural society at an unprecedented rate.
As this trend continues to develop, the study of digital village construction is becoming
increasingly important, which can not only open the door for farmers to connect the modern
economy and society but also become a key force in promoting agroecological efficiency
(AEE) and sustainability. The study will discuss in detail the current academic research
in this field, covering the assessment of digital village construction, governance studies,
examination of the impact on rural society, and research advances related to agroecological
efficiency, with the aim of providing insight into the future direction of the field.

2.1. Digital Village Construction Studies

As rural societies increasingly adopt digital technologies, the discourse on digital
village construction has flourished, primarily focusing on:

(1) Evaluation research. To determine the degree of the construction of a digital village,
the majority of the existing literature sets up evaluation index systems using the dimensions
of industrial development, hardware construction, and service governance and assigns
weights using the entropy weight technique or an analytical hierarchy process [6–8].

(2) Research on digital village governance. Scholarly discourse on digital village
governance encompasses several key areas. Firstly, governance subjects involved in the
construction of digital villages are manifold, as expounded by existing studies highlighting
the role of government institutions, local villagers, and market dynamics [9,10]. Secondly,
the developmental frameworks of digital villages have been proposed, including the
“hierarchical cultivation” model by Zhang et al. (2023) [11] and the “comprehensive
intelligent governance” approach by Hu and Wu (2023) [12]. Thirdly, the resource base
critical for digital village construction extends beyond digital technology. The efficacy of
governance within digital villages hinges on the synergy between the rural governance
structure and the underlying institutional systems that support its progression [13].

(3) Research on impact. The extant body of research has also scrutinized the effects
of digital village development, examining macro impacts on socioeconomic constructs
like common prosperity [14], social quality enhancement [15], and rural revitalization [16].
Furthermore, micro impacts such as the facilitation of entrepreneurial activities among
farmers and the advancement of their digital proficiencies are noted [17]. Certain scholars
highlight the potential adverse outcomes, such as the exacerbation of the digital divide and
the widening of the intergenerational gap in rural cultural consumption [18].
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In aggregate, digital village development is still nascent, with the current literature
largely focusing on theoretical interpretation, characteristic identification, and exploratory
practices of its construction. There is an overt concentration on singular governance entities,
with less comprehensive integration of multi-level governance factors in research frame-
works. Moreover, sustainable development considerations in digital village studies remain
sparse. A limited number of researchers have addressed the implications of digital villages
on agricultural carbon emissions, yet expansive analyses of their impact on sustainable
agricultural development from an overall AEE perspective are scarce [19].

2.2. Research on AEE

AEE is an indicator of an agricultural system’s adeptness at maintaining yield while
minimizing resource wastage, pollution, and ecological degradation. It strives for an
equilibrium between economic returns and environmental stewardship by optimizing the
nexus between agricultural productivity and resource utilization [20]. The predominant
focus of the AEE literature encompasses three aspects:

(1) Measurement methodology. The primary literature utilizes various methods for
AEE assessment, such as stochastic frontier analysis, AHP-fuzzy comprehensive evaluation,
ecological footprint, and data envelopment analysis (DEA), with the latter being the method
of choice due to its non-reliance on predefined functional relationships, thereby reducing
subjectivity. Decision-making units with efficiency levels equal to or above unity have
seldom been the subject of analysis [21,22]. Recent methodological advancements such
as the network DEA model and the network SBM-DEA model, introduced by Tavana
et al. (2013) and Zhang and Yang (2017) [23,24], respectively, have pushed the envelope in
assessing both overall and internal stage efficiency of decision-making units (DMUs).

(2) Evolution trend analysis. To comprehend spatial effects, dynamic patterns, and
convergence characteristics of AEE within specific domains, scholars have employed spatial
econometric methods [11,25].

(3) Influencing factors. Research has concentrated on variables such as climate change
adaptation within agroecosystems [26,27], trade-offs, and symbiotic relationships among
agroecosystem services [28–30], and labor configurations [31]. Yet, there is a paucity of
studies examining the impact of digital village construction on AEE within the broader
context of rural revitalization and the burgeoning digital economy.

In sum, while the existent literature exhibits significant engagement with AEE and digi-
tal village construction research, pertinent observations include the following:
(1) the AEE-related literature predominantly concentrates on current state measurements
and analysis, hence necessitating a deeper exploration of the long-term dynamic ef-
fects and mechanisms through which digital technology applications influence AEE.
(2) Given digital technology’s inherent characteristics, the operational features of rural
organizations, and resource and skill limitations in rural areas, the infusion of digital
technology in agriculture can induce complications, including digital overload, authori-
tative issues, and governance lacunae [32]. Consequently, the role of digital technology
in sustainable agricultural development may entail both constructive and detrimental
dimensions. As such, adopting a “people-centered” approach to dissecting the effects
of digital village construction on AEE from a multi-level rural governance perspective is
essential, carrying notable practical and theoretical value. (3) Given the diversity in crop
types, grain-producing provinces, and geographical areas, the heterogeneous impacts of
digital village construction on AEE warrant more extensive investigation.

3. Theoretical Analysis and Research Hypothesis
3.1. Direct Impact of the Construction of Digital Village on AEE

The theoretical rationale for the influence of digital village construction on AEE may
be elucidated through four distinct dimensions. Firstly, concerning resource allocation
impact, the inception of the digital village amalgamates with the agricultural sector by
employing cutting-edge technologies such as Information Technology, the Internet of
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Things, and expansive data analytics, thereby fostering innovative practices like digital
and smart agriculture. This integration betters the distribution of agricultural production
factors, heightens the intellectuality and productivity of agricultural decision-making,
diminishes agricultural production expenditures, and augments agricultural yield [33].
Secondly, technological progression’s impact is noteworthy; digital tools serve not only to
refine production but also to enhance agricultural yield. Equally important, by facilitating
refined management of information-based agricultural data resources and monitoring of
the agroecological environment, digital technology notably amplifies the ability to fine-tune
agricultural production, elevating resource utilization efficiency, curtailing mishandling
of chemicals, and lessens energy consumption in agriculture, thus enriching AEE [19].
Thirdly, the impact on the extension of the industrial chain is crucial. Digital village
construction propels the intermingling of distinct industry chains and leaps in value chains
by integrating sectors like digital inclusive finance, deep processing of agricultural products,
rural e-commerce, tourism, and healthcare through digital means. This integration mitigates
rural dependence on high-carbon energy, scales down energy consumption per output unit,
and incites the adoption of renewable energy, thereby boosting AEE [34]. Fourthly, the effect
induced by market demand is observable. Utilization of digital technologies, including
network platform interfacing and product traceability, not only fulfills the demand for
eco-friendly and low-carbon agricultural goods but also influences agricultural production
and operational entities to opt for environmentally benign production methodologies,
elevating AEE levels [35]. Hence, this study posits the following hypothesis:

H1: The construction of a digital village contributes positively to the enhancement of AEE.

3.2. The Construction of Digital Village, Rural Multi-Governance, and AEE

While digitalization heralds an irreversible trend, its comprehensive and profound
merger with rural productivity and lifestyle is not without challenges, which include tech-
nological disruptions and superficial digitization (“formalism at the fingertips”) [36]. Thus,
harnessing the subjective initiative of people in this amalgamation is prime. “People” encom-
pass not only the rural bureaucrats who primarily manage but also the farmers, technology
firms, and social organizations engaged in the process, asserting that rural grassroots ad-
ministrative bodies should lead, buttressing the farmers’ dominant role to endorse digital
empowerment and activate intrinsic dynamism, which in turn catalyzes the high-grade de-
velopment of agriculture through external collaborative factors like markets and commercial
entities [37], thereby empowering sustainable agricultural development via digital village
construction. The involvement of multilevel governance agents involves the following:

(1) Rural bureaucrats: foremost, the advent of digital villages elevates rural bureau-
crats’ managerial efficacy. Digitally enhanced technology broadens the administrative
reach both temporally and spatially. Moreover, digital governance of local affairs also
rectifies traditional limitations of time and space in villager engagement, low enthusiasm,
and response inadequacies, thereby reducing rural bureaucratic management costs while
enhancing overall efficiency. Secondly, digital village development equips rural bureaucrats
with tools to support farmers in scientific production choices, bolster the monitoring of
agricultural ecological hazards, and facilitate agricultural resource optimization through
visual management and precision services. Furthermore, considering China’s recent efforts,
the national enterprise has penetrated rural areas, enabling urban administrators to be
stationed in villages and introducing technological expertise, thus addressing the digital
skill scarcity in rural communities.

(2) Villagers: the administrative support to bolster sustainable agricultural devel-
opment faces the critical “last mile” of execution. Notably, villagers are the paramount
endogenous force—both as implementers and beneficiaries of digital villages and sustain-
able agricultural progress. However, digital village progress simplifies their participation in
sustainable agricultural development, potentially aiding intrinsic motivation. Digital tools
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empower joint villager engagement and sustainable agricultural actions by superseding the
constraints of physical geography on the rural populace. Prompt digital platforms enable
swift feedback and risk management for concentrated agricultural risks and ecological
threats, minimizing adverse AEE impacts. Digital technology access also expands villagers’
information repertoire, facilitating awareness of environmental policies, acquisition of
green agricultural techniques, and enhancement of agricultural supply chain connectivity
while bolstering their collective decision-making abilities and AEE advancement.

(3) Market forces and social organizations: as of late 2022, China’s agricultural cooper-
atives tallied 2,243,600 units, encompassing nearly half the farming populace. Given their
members’ environmental considerations and the long-term developmental importance of
rural ecology, these cooperatives are engaging in agricultural activities and rural ecological
stewardship, driving sustainable organizational growth via ecological management. Local
agricultural cooperatives tailor governance methodologies to regional idiosyncrasies, with
a focus on environmentally mindful agricultural practices, thus aiding AEE elevation [38].
Additionally, assorted new agricultural entities notably contribute to pivotal realms such
as rural economic progress, environmental guidance, and talent cultivation [39]. Based on
the delineation above, the study advances hypotheses H2, H2a–H2c as follows:

H2: Enhancement of rural multi-governance mechanisms significantly bolsters the beneficial effects
of digital village initiatives on AEE.

H2a: The participation of rural bureaucrats plays a pivotal role in augmenting AEE through digital
village projects.

H2b: The engagement of local villagers is fundamental to the improvement of AEE facilitated by
digital village development.

H2c: An increased engagement of market dynamics and social institutions correlates with a
pronounced positive influence on AEE attributable to digital village construction.

Based on hypotheses H1, H2, and the sub-hypotheses H2a to H2c, our research
delineates a comprehensive framework (as shown in Figure 1) that explores the influence
of digital rural development on agricultural eco-efficiency. This framework is structured
around two primary components. First, the direct impact of digital village construction on
agroecological efficiency is manifested in four effects: resource allocation, technological
progress, industrial chain extension, and demand induced. Second, the study believes
that the moderating variable of rural multi-level governance plays a strengthening role in
the positive impact of digital village construction on agroecological efficiency and finally
realizes smart agriculture, good rural governance, and agricultural transformation.

Figure 1. Research structure diagram.
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4. Research Design
4.1. Samples and Data

In this study, official platforms such as CSMAR data, EPS data platform, National
Bureau of Statistics, and the websites of governments or departments of Agriculture and
Rural Affairs (committees and bureaus) of provinces are used as data sources. Due to the
fact that some data started to be updated in 2014 or stayed in 2020, it was difficult to collect
data in Tibet, Hong Kong, Macao, and Taiwan due to geographical and other factors. In
order to unify the research caliber and reduce errors, 30 provinces in China (excluding
Tibet, Hong Kong, Macao, and Taiwan) from 2014 to 2020 were selected as sample data.

4.2. Variable Definition and Measurement
4.2.1. Explanatory Variable: The Construction of Digital Village

The research shows that the construction of a digital countryside should focus on
hardware input, economic development, production, and life [6–8]. Therefore, the index
system of digital village construction is defined in this study based on data availability,
encompassing four dimensions: facilities, economy, administration, and life. The specific
index system is presented in Table 1.

Table 1. Index system of the construction of a digital village.

Primary Indicator Secondary Indicator Index Meaning Unit Stats

Facility digitalization

Intensity of
construction investment

Investment in fixed assets in
rural information transmission, software,

and information technology services

Hundred
million yuan +

Rural mobile phone
penetration

The number of mobile phones per
100 rural households Tai +

Rural Internet
penetration

Number of rural broadband access households/
Total rural households % +

Rural logistics
construction level Rural delivery route density

Square
kilometers per

kilometer
+

Agrometeorological
observation station

Number of agrometeorological
observation stations a +

Rural electricity
consumption

Rural electricity consumption/
rural population

Kilowatt-hours
per person +

Economic digitalization

Agricultural
digital base Number of Taobao villages a +

Agricultural
digital scale

Primary industry online retail sales/
rural population

One hundred
yuan/person +

Rural postal rate Number of administrative villages reached by
post/Total number of administrative villages % +

Rural digital finance The digitalization degree of digital financial inclusion
index at the county level / +

Administrative
digitalization

Digital subsidy Amount of expenditures related to agriculture Ten thousand
yuan +

Digital government
construction

Local government digital technology attention / +
Local government digital application attention / +

Life digitalization

Farmers’ consumption
level of digital products

and services

(Base period) Transport and communication
expenditure per capita of rural households / +

Network culture
construction level

The proportion of digital TV users
in total households % +

Rural financial coverage County digital financial inclusion
index coverage breadth / +

Depth of use of
rural finance

Depth of use of county
digital financial inclusion index / +

Rural computer
penetration rate

The average number of computers per
100 rural households at the end of the year Tai +
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According to the index system in Table 1, taking the data of 30 provinces in China from
2014 to 2020 as an example, the level of the construction of a digital village is measured by
the entropy weight method. According to the measured results, the overall level of China’s
construction of digital villages showed an increasing trend year by year, but there was a
large heterogeneity among provinces. The provinces (cities) with the best development
level of the construction of digital villages are Shanghai, Zhejiang, Guangdong, Beijing,
and Jiangsu in the eastern region, while the provinces (cities) with the relatively backward
development are mainly located in the western region, namely Inner Mongolia, Gansu,
Hainan, Ningxia, and Qinghai, respectively, showing the regional characteristics of high
east and low west. The eastern regions such as Beijing, Shanghai, Zhejiang, and Guangdong
are not only the most economically developed provinces in China but also at the forefront
of technological innovation, with a relatively good level of technological infrastructure and
information infrastructure, which obviously provides convenience for the construction of
digital villages [40]. The regions with low levels of digital village construction are Inner
Mongolia, Gansu, Hainan, Ningxia, and Qinghai. In addition to poor natural conditions,
these provinces are also relatively weak in terms of economic level and technical foundation.
This reflects the high correlation between the construction of digital villages and the
characteristics of economic development, regional advantages, and resource endowments
and also reflects the severity of the digital divide in China’s provinces to a certain extent.

4.2.2. Explained Variable: Agroecological Efficiency

According to Ren et al. (2023) [41], considering that agricultural input and production
conditions are not static, the study chooses the SBM-DEA model under variable returns
to scale as the measurement model of AEE level. Due to the spatial agglomeration of
agroecological efficiency [34], the research presented the measurement results from four
aspects: national, eastern, central, and western (as shown in Table 2). The overall level of
agroecological efficiency shows an upward trend, especially in the eastern region, which
has seen a significant improvement in 2020. China attaches great importance to the trans-
formation and development of green agriculture. In 2019, a series of policies were issued
intensively. The innovation system and mechanism in the eastern region are relatively
complete, the overall awareness of agricultural and environmental protection is high, and
the understanding and application of policies are high, which is the first to be reflected in
the substantial improvement of AEE [42].

Table 2. Value of AEE level from 2014 to 2020.

Sort
Year

2014 2015 2016 2017 2018 2019 2020Classification

Agroecological
efficiency level

Nationwide 0.7178 0.8505 0.8674 0.9130 0.9507 0.9797 1.6286
Eastern 0.7523 0.9464 0.8946 0.9798 1.0851 1.1925 2.9134
Central 0.6611 0.7316 0.7753 0.7815 0.8174 0.8252 0.7119
Western 0.7284 0.8417 0.9231 0.9556 0.9048 0.8506 0.8320

Ecological efficiency
level of grain crops

Nationwide 0.9606 0.9440 0.8866 0.8847 1.0208 1.0437 1.1762
Eastern 0.9954 0.9464 0.8576 0.8889 1.1278 1.1967 1.5710
Central 0.9503 0.9496 0.8845 0.8716 0.9585 0.9570 0.9470
Western 0.9246 0.9353 0.9273 0.8921 0.9404 0.9266 0.8789

Ecological efficiency
level of grain crops

Nationwide 0.7896 0.7519 0.8231 0.9148 0.7242 0.8612 0.6949
Eastern 0.7321 0.7967 0.8616 0.9744 0.8178 0.9211 0.6613
Central 0.7829 0.7851 0.9103 1.0280 0.9096 0.7772 0.5870
Western 0.8729 0.6588 0.6845 0.7222 0.4141 0.8653 0.8476

Note: based on the classification of the National Bureau of Statistics, 30 provinces in China are divided into
eastern, central, and western regions. The national average level of AEE in 30 provinces (municipalities) of China
is the same as table above. The eastern region of China includes Beijing, Tianjin, Hebei, Liaoning, Shanghai,
Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, Guangxi, and Hainan; the central region of China includes
Shanxi, Inner Mongolia, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei, and Hunan; and the western region of
China includes Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Ningxia, Qinghai, and Xinjiang.
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In addition, most of the studies on AEE in the existing literature take the whole indus-
try as the research object, and there are few in-depth discussions on AEE by crop classifica-
tion. Therefore, in order to understand the eco-efficiency of different crop types, we refer to
the existing literature [43] and classify crops into food crops and cash crops according to
their use and botanical classification. Food crops include cereals (rice, wheat, and corn),
beans, and potatoes. Cash crops include fiber (cotton and hemp), oil, sugar, and others (to-
bacco, vegetables, etc.). At the same time, considering that resource input, economic output,
and ecological output required by food crops and cash crops cannot be effectively separated
in agricultural production activities, the index was innovatively optimized based on the
original AEE index system by referring to the existing literature [44], and crop proportion
coefficient was introduced. It is βi = Sown area o f classi f ied crops/total sown area o f crops
(i = f ood crops, cash crops). We subdivide the sown area index of crops again, replace the
agricultural output value in the expected output with the output of food crops and cash
crops, and multiply the remaining 10 indicators by the corresponding crop proportion
coefficient, respectively. Finally, the ecological efficiency level of food and cash crops is
measured. The calculated results are shown in Table 2.

Table 2 shows that the overall ecological efficiency of food crops in China has been
stable, showing a slight decline to begin with and a gradual increase subsequently, reaching
the lowest level in 2017 and then improving. The eastern and central regions are also
consistent with the ups and downs of the country, and the gap between the ecological
efficiency of food crops in the eastern region and the central and western regions has further
increased since 2018. From the perspective of the eco-efficiency level of cash crops, whether
it is the whole country or the three major sectors, the eco-efficiency level of cash crops
fluctuates greatly, which may be because compared with food crops, the eco-efficiency of
cash crops is more affected by market demand and policies.

4.2.3. Moderating Variables: Multi-Level Governance

Rural bureaucrats, villagers’ self-governance, market forces, and social organizations were
used to characterize the rural multi-level governance system. The Python crawler technology
was used to obtain the news keyword word frequency of the above four multiple subjects from
the websites of the governments or departments of Agriculture and Rural Affairs (committees
and bureaus) of 30 provinces in China from 1 January 2014 to 31 December 2020 (Table 3), and
then the crawled data were cleaned, the frequency of statistical data was counted, and the final
research data were obtained. The reasons for taking the government website as the core path to
obtain rural multiple governance data are as follows: on the one hand, the government website
is the official information release platform, which is authoritative and reliable and can fully cover
the above four dimensions and relatively comprehensive information; on the other hand, as
the main body leading rural governance, the areas of concern and priorities of the government
also reflect the balance and focus of rural governance. In the specific crawling process, in order
to avoid interference from other fields of news, three conditions are set for the agricultural
field (Table 3), and only news that meets the three conditions at the same time can be taken
down as effective information. Among them, due to the small sample size of market and social
organization, the data of market power and social organization are combined as proxy variables
of “other governance organizations” for subsequent analysis. The rural multi-governance data
are represented by the sum of the three main data of the grassroots administrative organization,
the villagers’ self-government, and other governance organizations. For the same magnitude,
the sample data of the four factors are reduced by 100 times.

4.2.4. Control Variables

In order to minimize the bias caused by missing variables, the following control vari-
ables were selected in this study with reference to the practices of Xue and Wen (2019) and
Bai et al. (2022) [45,46]: (1) agricultural economic development level (AED), expressed as the
proportion of total agricultural output value and permanent population of each province, in
units (ten thousand yuan/person); (2) agricultural disaster rate (ADR), expressed as the ratio
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of the affected area of crops to the total sown area of crops, unit (/); (3) human capital level
(RHC), expressed as the number of employment in the primary industry in the total number
of employment in the industry, unit (/); (4) the amount of fertilizer used (FU), expressed in
the amount of fertilizer used and the sown area of crops, unit (/); and (5) entrepreneurial
activity (EA), the micro-data of new enterprises during the sample period collected through
the enterprise check database, and matched to the provincial level according to the province,
establishment time and other information, expressed as the number of new enterprises and
the ratio of urban population per 100 people, unit.

Table 3. Keywords of rural multi-governance.

Condition 1 Condition 2 Condition 3

Grassroots administrative organizations: township party
organizations, grassroots cadres, young party members, township
personnel, village party organization secretary, village party branch
secretary, village first secretary, village work team, rural work team,

village “two committees”, responsible persons, grid members,
villagers, village party branches, college students in the township,
village party organizations, rural grassroots party organizations,

rural communities Neighborhood committee,
administrative village party organization, etc.

Villagers’ self-governing organizations:
villagers’ self-governing organizations, villagers’ committees,

villagers’ groups, villagers’ representative meetings,
villagers’ supervision committees, villagers’ committees, etc.

Other governance organizations: village-level collective economic
organizations, cooperative economic organizations,

agriculture-related organizations, social organizations, etc.

Lead, coordinate, help, safeguard,
manage, use, organize, support,
drive, promote, carry out, build,

establish, guide, attract, self-govern,
formulate, govern, adopt, repair,

control, reduce, etc.

Technology, technical measures,
management measures, technology,

information, investment, funds,
mechanisms, models, models,

facilities, engineering, equipment,
electronics, sales channels,

acquisitions, sales strategies, sales
systems, transportation, projects,

industries, construction,
environment, ecology, action,

platforms, participation,
collaboration, pollution,
sharing platforms, etc.

4.2.5. Data Description

The descriptive statistics of variables are shown in Table 4. The missing data of the
study are replaced by the interpolation method, but multi-level governance is limited by
the website itself; some data are covered, and the study chooses to use “0” instead.

Table 4. Descriptive statistics.

Variable Symbol Unit Observed Mean Standard
Error Min Max

Agroecological efficiency AEE / 210 0.9868 1.8749 0.2422 26.4558
Ecological efficiency of food crops FEE / 210 0.9881 0.8453 0.3037 10.0394
Ecological efficiency of cash crops CEE / 210 0.7942 0.4812 0.0180 2.2332

The construction of a digital village DVC / 210 0.1894 0.1359 0.0113 0.7948
Facility digitalization FD / 210 0.1735 0.1101 0.027 0.8048

Economic digitalization ED / 210 0.0736 0.1039 0.0052 0.6503
Administrative digitalization GD / 210 0.3151 0.1324 0.0794 0.7464

Life digitalization LD / 210 0.3802 0.1478 0.0566 0.7312
Rural multi-governance RPG Thousand 210 7.8426 15.7565 0 105.88

Grassroots administrative
organization governance PGO Thousand 210 3.3123 7.7658 0 53.02

Villager governance Vill Thousand 210 2.1521 4.2187 0 23.46
Other governance MS Thousand 210 2.3781 5.8806 0 50.86

The level of agricultural
economic development AED

Ten
thousand
yuan/person

210 5.2348 6.2986 0.1457 76.9461

Agricultural disaster rate ADR / 210 0.1339 0.1169 0 0.6186
Human capital level RHC / 210 0.2952 0.1300 0 0.5802

Fertilizer use FU / 210 0.3678 0.1346 0.0954 0.7508

Entrepreneurial activity EA per 100
people 210 1.3290 0.4914 0.5203 4.4225
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4.3. Model Selections
4.3.1. Baseline Regression

This study adopts the fixed effect model as the benchmark model to explore the impact
of the construction of a digital village on AEE:

AEEit = α0 + α1DVCit + α2Controlit + µit + uit + εit (1)

In Formula (1), AEEit represents the agroecological efficiency level in t period of
province i; DVCit represents the level of the construction of digital village in t period of
province i; Control represents all the control variables mentioned above; εit represents the
random error term. In addition, taking into account the development differences among
provinces and unobserved factors, common changes and influences in time, the study
introduces regional fixed effects (µit) and time fixed effects (uit).

4.3.2. Dynamic Effect Evaluation

The above benchmark regression model is the average effect of the construction of a
digital village on agroecological efficiency, which cannot accurately describe the dynamic
impact of the construction of a digital village on agroecological efficiency under different
intensities. At the same time, the traditional propensity score matching is only suitable
for “0–1” discrete variables and cannot be used to test continuous variables, while the
generalized propensity score matching can make up for this shortcoming, which can not
only mine more information but also deal with selective bias. Therefore, this article chooses
generalized propensity score matching under the different intensities of the digital dynamic
heterogeneous effect on the efficiency of the agricultural ecological village construction [47].

Firstly, the generalized propensity score GPS and conditional probability density
are obtained according to covariate Z. Secondly, the conditional expectation of the result
variable Y is represented by the processing variable X and the generalized propensity score
GPS, and the quadratic term, cubic term, and interaction term are selected according to the
result. Then, according to the result of the second step, the average expected value of the
result variable Y is estimated when X = x. Finally, the function points in different value
ranges are connected to obtain the dose relationship diagram of the whole study interval
for the result variable Y.

E(x) =
1
N

n

∑
i=1

(α0 + α1x + α2x + · · ·+ αix) (2)

Therefore, this study selected the level of agricultural economic development, agri-
cultural disaster rate, human capital level, fertilizer use, and entrepreneurial activity as
matching variables while controlling the time and regional level to analyze the dynamic
impact of the construction of digital villages on AEE.

4.3.3. Adjustment Effect

According to the above theoretical analysis, rural multi-governance plays a regulating
role in the impact of the construction of digital villages on the level of AEE. Therefore, in
order to verify hypothesis H2, H2a–H2c, this study introduces the regulating variables of
rural multi-governance (divided into three dimensions, namely rural bureaucrats, villagers’
autonomous organizations, and other governance organizations) on the basis of Formula
(1) and adds the interactive terms of the construction of the digital village and the four
regulating variables, respectively.

AEEit = α0 + α1DVCit + α2RPGit + α3DVCit × RPGit + α4Controlit + µit + uit + εit (3)

AEEit = α0 + α1DVCit + α2PGOit + α3DVCit × PGOit + α4Controlit + µit + uit + εit (4)

AEEit = α0 + α1DVCit + α2Villit + α3DVCit × Villit + α4Controlit + µit + uit + εit (5)
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AEEit = α0 + α1DVCit + α2MSit + α3DVCit × MSit + α4Controlit + µit + uit + εit (6)

In Formulas (3)–(6), RPGit stands for rural multi-governance, PGOit stands for rural
bureaucrats, Villit stands for villagers’ governance, and MSit stands for other governance
(market forces and social organizations).

5. Results and Analysis
5.1. Baseline Regression Analysis

AEE’s baseline regression results on the digital village level are shown in Table 5.
Column (1) indicates that when the core explanatory variable is the construction of a digital
village, the influence coefficient is significantly positive at the 1% level, indicating that
the construction of a digital village has a positive promoting effect on the improvement
of AEE. Column (2) introduces control variables, control time, and regional effects on the
basis of column (1), and the results show that the influence coefficient of the construction
of a digital village is still significantly positive at the 1% level and the fit degree is further
improved, indicating that the construction of digital village can indeed improve the level
of AEE. It will promote the agroecological efficiency level to increase by 7.5329 units.
This provides direct empirical evidence for developing countries to achieve sustainable
agricultural development through the construction of digital villages, and H1 is verified.

Table 5. Influence of the construction of digital village on AEE.

AEE

(1) (2) (3) (4) (5) (6)

DVC 2.5005 *** 7.5329 ***
(2.66) (3.14)

FD 6.8178
(0.76)

ED 5.6027 **
(2.42)

GD 4.2104 **
(2.48)

LD −1.1243
(−0.34)

AED −0.0558 ** −0.0609 ** −0.0525 ** −0.0581 ** −0.0534 **
(−2.28) (−2.32) (−2.12) (−2.35) (−2.08)

ADR −1.4675 −0.9966 −1.1929 −1.4655 −0.9369
(−1.11) (−0.74) (−0.89) (−1.09) (−0.69)

RHC 12.3301 *** 12.8036 *** 11.2272 *** 12.1541 *** 10.8079 **
(2.96) (2.69) (2.67) (2.88) (2.44)

FU 0.1681 0.7328 0.2714 1.9155 1.2242
(0.04) (0.16) (0.06) (0.42) (0.27)

EA −1.4715 *** −1.2440 *** −1.4267 *** −1.1710 *** −1.2151 ***
(−3.38) (−2.81) (−3.23) (−2.71) (−2.76)

Time effect No Yes Yes Yes Yes Yes
Regional effect No Yes Yes Yes Yes Yes

N 210 210 210 210 210 210
R2 0.0328 0.161 0.115 0.141 0.143 0.112

Notes: the following tables are identical to Table 5, with “*, **, ***” showing significance levels of 10%, 5%, and 1%.
The t-value is in parentheses.

Table 5 lists (3) to (6) from the four dimensions of the construction of the digital village,
namely, facility digitalization, economy digitalization, administrative digitalization, and
life digitalization, on the impact of AEE to clarify the main dimension of the construction
of digital village on AEE and the heterogeneity of the impact degree. In terms of results,
first of all, economic and administrative digitalization can have a positive impact on AEE,
and both are significantly positive at the 5% level. They provide various opportunities for
the improvement of AEE to achieve the goal of sustainable development and ecological
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protection. Secondly, the impact coefficient of facility digitalization is positive but not
significant, which indicates that the positive impact of facility digitalization on AEE is not
statistically significant, possibly because agricultural production processes are complex.
While facility digitalization can provide decision support and improve technology, it cannot
completely eliminate the impact of external factors such as soil quality and topography,
markets, and economics on agricultural production. Finally, the impact coefficient of life
digitalization is negative but not significant, which may be due to the existence of a “digital
divide”; villagers’ acceptance or adaptability to digital technology is not high, resulting in
insignificant or even reverse impact of life digitalization on AEE [48,49].

5.2. Dynamic Effect Analysis

Compared with the average effect, the dynamic effect of the construction of a digital
village has more important practical significance in promoting the improvement of AEE,
and the dynamic effect emphasizes that the role of the construction of a digital village will
constantly change with different processing intensities. Specifically, the fractional logit
model is used to estimate the generalized propensity score, and the sample is matched
by GPSM. In the matching process, it is required to meet the equilibrium condition to
ensure the balance of covariables between samples. This study conducts a balance test
on the relevant covariables. It can be seen from the test results that after GPSM matching
adjustment, the standardization deviation of most matching variables is significantly
reduced after matching; that is, the difference between the samples of the treatment group
and the control group has been significantly reduced, indicating that the selected matching
variables and matching methods are suitable, which means that the estimated results
obtained after matching are effective. This study analyzes the development of digital
village construction by constructing a normal distribution map. In the figure, we observe
that the construction of digital villages has a high intensity in the interval [0, 0.2], indicating
that the construction activities in this area are frequent. For a more detailed study, this
interval is further subdivided into four equally long subintervals. At the same time,
(0.2, 1) is also selected as the subinterval of another study. Then, the regression estimation
is carried out for each subinterval. Figure 2 reports the dose-response function of the
construction of a digital village on AEE obtained based on the GPSM method.

Figure 2. Dose response to the construction of a digital village to AEE.
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According to Figure 2, as a whole, the dynamic effect of the construction of a digital village
on AEE presents a similar “inverted U-shaped” relationship. Specifically, when the construction
level of a digital village belongs to the range [0.1, 0.2], there is a short negative effect. This
shows that the development level of digital village construction at this stage is relatively low,
influenced by the inclusion of digital village construction in the Central Document No. 1 policy
issued by the Chinese government in 2018. And the application of digital technology has not
fully played a role and even has a “crowding out effect”, which shows a negative effect on
the whole. After crossing the threshold of 0.2, the construction of the digital village began to
exert a positive impact on AEE, and the impact degree gradually deepened until it reached the
inflection point of 0.8. However, when the value threshold is greater than 0.8, the marginal
utility of the construction of a digital village to promote AEE begins to decline.

5.3. Robustness Test

To ensure the reliability of the previous research findings, this study conducted several
robustness tests. Firstly, to examine any potential time lag effect on the impact of digital
village construction on AEE and address concerns about causal inversion in the double-
fixed effect model (H1), we introduced a one-stage lag for explanatory variables and tested
explained variables one stage earlier. Secondly, following prior literature [45], we employed
a Tobit model as an alternative to the baseline model for testing purposes. The results
from Table 6 demonstrate that there is a significant positive influence of digital village
construction on AEE, confirming the robustness of our research outcomes.

Table 6. Robustness test results.

AEE F.AEE

(1) (2) (3)

L.DVC 8.4479 **
(2.52)

DVC 7.5329 *** 5.7542 *
(3.51) (1.85)

Control variables Yes Yes Yes
Time effect Yes Yes Yes

Regional effect Yes Yes Yes
N 180 210 180
R2 0.139 0.152 0.208

Notes: “*, **, ***” show significance levels of 10%, 5%, and 1%. The t-value is in parentheses.

5.4. Endogeneity Test

The robustness of the baseline results has been demonstrated by the aforementioned
estimation. However, there may be some potential endogenous problems in this study.
For example, the implementation of digital village construction may be selected because
some rural areas already have high agroecological efficiency, so the research results may
be affected by selectivity bias, or the improvement of agroecological efficiency may also
promote digital village construction, and if left unchecked, reverse causality may lead to
problems such as endogenous problems. Therefore, to ensure the accuracy of the findings
and mitigate issues like reverse causality and measurement errors in variables, this study
employs 2SLS regression with an instrumental variable method to address endogenous
problems. In line with the existing literature [50], we construct an instrumental variable for
digital village development by creating an interaction term between the number of fixed
telephones per 100 people in 1984 and the mobile phone base stations present during that
year. The development of digital villages may be influenced by the state of communication
infrastructure. The number of fixed telephones is indicative of the level of communication
infrastructure, while mobile phone base stations are crucial for mobile communication
in rural areas. By examining how these two factors interact, we can better understand
the impact that communication infrastructure has on the construction of digital villages.
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Additionally, since there is a significant time gap between the data collected from fixed
telephone usage in 1984 and our current study period, this satisfies instrumental variable
exogeneity conditions and does not have a direct relationship with AEE.

The results of the instrumental variables test can be found in Table 7. Based on the
regression analysis from the first stage, there is a significant positive correlation between
the number of fixed telephones per 100 people in 1984 and the interaction term consisting
of mobile phone base stations during that year with regard to digital village construction.
This correlation is statistically significant at a confidence level of 1%. The corresponding
F statistic for this test is 103.595, which exceeds the critical value for a significance level
of 10%. Therefore, we can conclude that there are no issues related to weak instrumental
variables and thus ensure their effectiveness. According to the regression findings in the
second stage, the construction of a digital village remains a significant positive factor for
AEE, with an impact coefficient of 17.8599 at a significance level of 1%. These results are
consistent with the baseline regression outcomes, suggesting that even after addressing
endogeneity concerns, the construction of a digital village continues to have a substantial
promoting effect on AEE. Therefore, this study’s conclusion remains robust.

Table 7. Results of endogeneity test.

Instrumental Variable

(1) (2)

DVC 17.8599 ***
(4.88)

IV 0.0153 ***
(10.18)

Control variables Yes Yes
Time effect Yes Yes

Regional effect Yes Yes
F statistic 103.595

N 210 210
R2 0.9345 0.4031

Note: The values in column 1 parentheses are the T-value, and the values in brackets are the Z-values in column
(2). “***” shows a significance level of 1%.

5.5. Analysis of Influence Mechanism: Regulating Effect of Rural Multi-Governance

Baseline regression analysis proved the positive effect of the construction of a digital
village on AEE, and dynamic effect analysis further discussed the differentiated effect
of the construction of a digital village in different stages. This shows that it is difficult
to rely on external forces to promote the improvement of AEE, and the main body of
rural bureaucrats is not only the core participants and beneficiaries of the digital village
but also the practitioners of AEE improvement. Therefore, from the perspective of rural
multi-governance, this study further discusses the mechanism of how digital rural con-
struction can effectively promote AEE from the perspectives of rural bureaucrats, villagers’
self-governing organizations, enterprises and social organizations, and other governance
organizations. In this study, the interaction terms were constructed, and the parameters of
the above adjustment variables were estimated using a fixed effect model. The regression
results of Equations (3)–(6) were reported, respectively, in columns (1) to (4) of Table 8.
Column (1) of Table 8 shows that, on the whole, the cross coefficient between rural multi-
governance and the construction of the digital village is positive at the level of 1%; that is,
the improvement of rural multi-governance level will strengthen the promotion effect of
digital rural construction on AEE level, and the estimated coefficient of interaction term is
0.3378. H2 is verified.
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Table 8. The regulating effect of rural pluralistic governance.

AEE

(1) (2) (3) (4)

DVC 4.1627 5.4791 ** 4.4008 * 7.1384 ***
(1.62) (2.22) (1.72) (2.85)

RPG −0.0493 **
(−2.10)

DVC × RPG 0.3378 ***
(3.13)

PGO −0.1843 ***
(−2.61)

DVC×PDO 0.9994 ***
(3.07)

Vill −0.0170
(−0.22)

DVC × Vill 0.4280 **
(2.17)

MS −0.0207
(−0.33)

DVC × MS 0.2182
(0.68)

Control
variables Yes Yes Yes Yes

Time effect Yes Yes Yes Yes
Regional effect Yes Yes Yes Yes

N 210 210 210 210
R2 0.218 0.212 0.211 0.166

Notes: “*, **, ***” show significance levels of 10%, 5%, and 1%. The t-value is in parentheses.

Columns (2) to (4) in Table 8 show that in the practice of rural multi-level governance
systems, each subject plays different regulatory roles. Among them, the cross coefficients
of rural bureaucrats (PGO), villagers (Vill), and digital village construction (AD) are sig-
nificantly positive, and the impact coefficients are 0.9994 and 0.4280, respectively. This
indicates that the improvement of the participation of rural bureaucrats and villagers has
strengthened the positive impact of digital village construction on agroecological efficiency.
Rural bureaucrats are the implementation terminal of various policies benefiting agriculture
and play a key role in promoting rural revitalization and sustainable agricultural develop-
ment. Taking China’s “First Secretary” policy as an example, the selection of outstanding
cadres from government organs, enterprises, and public institutions to rural areas not only
strengthened and enriched the grassroots administrative leadership resources but also
played a role in the application of digital technology in the sustainable development of
agriculture. On the other hand, villagers are the direct participants and ultimate benefi-
ciaries of agricultural production and rural construction, as well as the users of digital
networks and advanced production technologies. Only through the effective participation
of villagers can the results of the construction of a digital village be effectively transformed
into high-quality agricultural development. H2a and H2b are verified.

The cross-coefficient between market force and social organization (MS) and digital
rural construction (AD) is positive but not significant, which may be due to the imperfect
market force and relatively weak social organization in China, although both can play
a certain role in promoting rural development. This is because organizations such as
new cooperative organizations and science and technology extension organizations may
have problems such as imperfect mechanisms, insufficient professional level, and limited
coverage, which cannot give full play to their roles in digital agricultural promotion,
technical training, and information sharing, limiting their effective adjustment between
digital rural construction and agricultural ecological efficiency. H2c has not been verified.
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5.6. Heterogeneity Analysis
5.6.1. Heterogeneity of Crop Species

The previous analysis found that the AEE levels of food crops and cash crops have
different characteristics. The former is relatively stable, while the latter fluctuates greatly
under the influence of industrial development and market demand. Therefore, this char-
acteristic difference will also be reflected in the heterogeneous effect of the construction
of digital villages on the improvement of the ecological efficiency of different crop types.
In Figure 3, FEE and AEE, respectively, show the results of regression between the con-
struction of the digital village and the ecological efficiency of food crops and cash crops:
the level of the construction of the digital village has a positive and significant impact on
the ecological efficiency of food crops by 5%, with a coefficient of 2.0909 (FEE), while the
impact coefficient on the ecological efficiency of cash crops is positive but not significant,
with a coefficient of 0.0185 (CEE). The possible reasons are as follows: first, food crops are
of great significance to the food security of developing countries, their planting area is
extensive, and their quantity is large. Digital technology can improve the output level and
environmental benefits of food crops in planting, irrigation, fertilization, disease and pest
control, etc. Therefore, the positive impact of the construction of digital villages on food
crops is relatively obvious. Second, compared with food crops, the production process of
cash crops is more complex, has higher technical requirements, and is more sensitive to
market factors. The positive effect of a digital village may be limited by market factors,
technology, or production mode and cannot be fully played. Third, food is a basic survival
and development need for a country and is regarded as the “lifeline” of the country. Gov-
ernments usually adopt a series of support policies such as subsidies, priority resource
allocation, and technical support to promote the production and development of food
crops, which may also boost the application and effect of the construction of digital villages
in food crop production.

Figure 3. Results of heterogeneity analysis.
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5.6.2. Differences in Grain-Producing Areas

According to data from the China Statistical Yearbook, during the period of
2014–2020, the combined average annual grain production in Liaoning, Hebei, Shandong,
Jilin, Inner Mongolia, Jiangxi, Hunan, Sichuan, Henan, Hubei, Jiangsu Anhui, and Hei-
longjiang provinces accounted for approximately 77.55% of the total grain output in China.
To analyze the impact of digital village construction on agroecological efficiency (AEE), a
distinction was made between major grain-producing regions and non-grain-producing
regions based on variations in resource endowments and agricultural development con-
ditions. The findings are presented in rows (3) and (4) of Figure 3. The influence of the
construction of digital villages in major grain-producing areas on agroecological efficiency
is positive but not significant, and the sample coefficient of non-major grain-producing
areas is 6.6716, which is significant at the level of 10%. The possible reasons are that the
main grain-producing provinces generally have a good agricultural technology foundation
and management experience, and the production mode in these areas is relatively stable
and can enjoy the scale effect after long-term adjustment and optimization to achieve a
high production efficiency and resource utilization efficiency. Therefore, when digital
technologies are introduced, the improvement to AEE may not be significant. However,
non-grain-producing provinces have low initial benchmarks and have certain room for
improvement in terms of resource utilization efficiency and environmental protection.
The construction of a digital village can make up for the relative shortage of agricultural
production scale and improve production efficiency and ecological efficiency.

5.6.3. Differences in Economic Development Levels

The more developed the regional economy, the stronger the infrastructure and techni-
cal conditions for the construction of a digital village, the more positive interaction with
ecological agriculture can be realized, and sustainable agricultural development can be
promoted [25]. Therefore, referring to Ren et al. (2023) [41], this paper selects the average
GDP of 30 provinces in China during 2014–2020 as the median. China’s 30 provinces were
divided into the regions with higher economic development levels (Beijing, Hebei, Liaoning,
Shanghai, Jiangsu, Zhejiang, Anhui, Fujian, Shandong, Henan, Hubei, Hunan, Guangdong,
Sichuan, and Shaanxi) and region with lower economic development level (Tianjin, Shanxi,
Inner Mongolia, Jilin, Heilongjiang, Jiangxi, Guangxi, Hainan, Chongqing, Guizhou, Yun-
nan, Gansu, Qinghai, Ningxia, and Xinjiang). Sample regression was conducted for the
two regions, respectively, and the results were shown in rows (5) and (6) of Figure 3. In
areas with high economic development levels, the coefficient of the construction of a digital
village on AEE is 7.1992 and statistically significant, while in areas with low economic
development levels, the coefficient is not significant. This reaffirms the importance of the
economic base in protecting and improving agroecology. The relatively poor economic
foundation limits the effective allocation and utilization of resources, the conversion rate
of agricultural input-output is not ideal, and the low-carbon development of agricultural
ecology is still in its infancy, which also limits the positive role of digital technology.

6. Discussion and Conclusions
6.1. Research Findings

Employing a dataset encompassing thirty Chinese provinces within the specified
period, this study assesses the construct of digital villages and their impact on AEE. Further,
it analyzes textual data related to rural governance through Python to understand how
digital villages influence AEE, considering their mechanisms and variability. The key
findings are delineated below.

Firstly, AEE shows notable regional differences within China. High AEE is seen in the
east and west but is low in central areas. This suggests a link between AEE and regional
economic and technological development. However, this regional disparity, known as the
“Matthew effect”, presents a challenge for sustainable agricultural growth in developing
economies and needs addressing to ensure fairness and sustainability.
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Secondly, GPSM analyses indicate digital villages positively influence AEE, especially when
development levels are close to optimal 0.8. As digitization progresses, it is important to develop
rural governance to prevent a temporary “inverted U-shaped” relationship between digital
villages and AEE. But in the long term, this effect diminishes. The digital village model focuses
on promoting sustainable agriculture through the digitalization of economic and administrative
aspects rather than just facility and lifestyle improvements. This supports the idea that boosting
AEE requires a collective effort beyond just technology and infrastructure.

Nevertheless, several structural impediments remain that must be addressed to facilitate a
comprehensive and profound fusion of rural life with digital village constructs. Challenges stem
from the inherent complexities of agricultural systems, the potential for digital advancements
to “crowd out” traditional practices, and the prerequisite for villagers’ digital literacy, as well
as their capacity for technology adoption, diffusion, and environmental protection measures.
These challenges highlight the importance of not overlooking regional characteristics in the push
for digital village development. Instead, a balanced approach is advocated to deter superficial
or ineffectual construction efforts within the digital space.

Thirdly, there are main differences in the governance effects of multi-level governance
systems. Findings highlight that strong rural governance enhances the positive impact of
digital villages on AEE. In China’s 2014–2020 sample, the active roles of rural bureaucrats
and villagers’ self-governance are effective, while other entities like businesses and social
organizations have less impact. This suggests that developing countries with systems
similar to China’s might benefit from internal development models centered on grassroots
administrative coordination and local self-governance, but further support for enterprises
and social organizations is still needed.

Fourthly, heterogeneity analyses show digital villages significantly improve the ecological
efficiency of food crops more than cash crops, which face stronger market forces. Regions with
stronger economic bases benefit more from digital villages than major grain-producing areas,
which corresponds with findings that wealthier countries typically have higher AEE [19].

6.2. Policy Recommendations

In summary, this study puts forward the following policy recommendations.
To boost efficiency in agricultural production and resource use, it is advisable for de-

veloping countries to promote the adoption of modern digital technologies and information
systems among farmers. However, it should be noted that there are compatibility issues
between digital technology and rural society, which may be negatively affected by aspects
such as digital burden and digital formalism. Therefore, it is crucial to consider the local
economic conditions, management capabilities, resource availability, and farmers’ digital
literacy during the construction of digital villages. Enhancing farmers’ understanding and
use of digital technologies should include clear communication and focused training.

A robust rural governance system, coupled with the engagement of various stakehold-
ers, is vital in leveraging digital villages for sustainable agricultural growth. Rural leaders
should use their influence to involve community members in digital governance and eco-
friendly agricultural practices. Local organizations can harness their grassroots motivation
to support sustainable initiatives, which are the core of digital villages. Meanwhile, new
agricultural entities—such as market participants, specialized cooperatives, and techni-
cal advisory bodies—should collaborate to maintain and improve the rural environment.
Establishing an integrated multi-tier governance framework and an information-sharing
platform that links all sectors will address agricultural issues effectively, adapt to environ-
mental shifts swiftly, and maintain a healthy agroecosystem, all while sharing the benefits
of technology and fostering mutual success.

Despite increased participation in building digital villages, challenges in coordination
and motivation persist. Looking at the experiences of countries like Germany, France,
and South Korea, the state should act as a facilitative “intermediary” in these efforts,
respecting the roles of people and social organizations. It is essential to define roles
clearly, cooperate efficiently, and share resources—financial, technological, and human—
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to maximize resource use and minimize the costs of developing digital villages. We should
also establish a risk-sharing mechanism to distribute risks more evenly, reduce pressures,
fortify cooperative resilience, and ensure a mutually beneficial outcome.

6.3. Limitations and Suggestions for Future Research

Future studies could expand in three directions. First, refine the methods for measuring
digital village progress by considering the interconnectedness of indicators and enhancing
the dimensions of evaluation. Second, as governance varies across the agricultural industry’s
production, distribution, and consumption stages, future research might examine governance
roles along these stages from the perspective of the agricultural industry chain. Third, consid-
ering the granularity of data, it is crucial to go beyond provincial-level analyses to capture the
idiosyncrasies of digital village progress. Focusing on a county-level analysis would allow
researchers to discern local variations and better understand how multi-level governance
shapes outcomes at a more nuanced level. It would also enable the investigation of specific
context-driven factors that influence the success or failure of digital initiatives.
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