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Abstract: The digital economy is increasingly recognized as a key force behind sustainable
agricultural development, transforming farm management and enhancing food security
through innovation, resource optimization, and data-driven decision-making. This study
examines how participation in the digital economy affects the agricultural management
scale of high-quality farmers in Jiangxi Province, China. Based on survey data from
868 farmers collected in 2022, we apply Ordinary Least Squares regression models, instru-
mental variable approaches, and mediation analysis to identify the mechanisms at work.
The findings indicate that digital economy participation significantly expands agricultural
management scale by promoting land transfer-in and elevating farmers’ subjective social
status. Further heterogeneity analysis shows that the positive impact is more pronounced
among older farmers and those not intending to pursue further education. These insights
highlight the essential role of digital tools in fostering sustainable and scalable farming
practices and offer practical implications for rural digital transformation strategies.

Keywords: digital economy; sustainable agriculture; high-quality farmers; agricultural
management scale; rural development; food security

1. Introduction

Achieving sustainable agricultural development is widely recognized as essential for
global food security and rural economic resilience [1]. However, the prevalence of small-
scale farming structures and fragmented landholdings continues to hinder agricultural
productivity and efficiency in many regions [2-4]. In China, where smallholders dominate
the agricultural landscape, pursuing agricultural scale expansion in a sustainable manner
has become a central policy objective aligned with rural revitalization and food system
resilience [5-8]. This goal requires balancing productivity, resource efficiency, and environ-
mental protection. The Chinese government has repeatedly emphasized the importance
of developing appropriately scaled farming systems through official policy documents,
recognizing their role in boosting efficiency and ensuring long-term sustainability [9-11].
Therefore, leveraging digital technologies to support scale enlargement while advancing
sustainability has emerged as one of China’s most pressing challenges.

The rapid rise of the digital economy—including e-commerce, big data, and intelligent
agricultural technologies—has unlocked new avenues for addressing the constraints of
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fragmented and small-scale farming [12]. By optimizing resource coordination, lowering
transaction costs, and expanding farmers’ access to market information, digital tools can
facilitate the consolidation of farming operations [13]. High-quality farmers, characterized
by advanced human capital and a strong willingness to innovate, are well-positioned to
leverage these digital tools. Their active participation in rural governance and production
makes them central figures in driving agricultural transformation and sustainable practices.
Thus, they play a vital role in advancing both rural revitalization and sustainable agriculture
in China [14]. Despite increasing attention to digital agriculture, empirical evidence remains
limited on how digital economy participation shapes the farm scaling behavior of high-
quality farmers, particularly through specific intermediary pathways.

A review of the literature shows that digitalization not only reshapes traditional labor
patterns but also enhances the efficiency of resource distribution in conventional industries [15].
Growing evidence in the agriculture field suggests that participation in the digital economy
contributes to the expansion of farm scale by providing platform-based services, improving
productivity, and stimulating structural transformations in production models [16]. The
implementation and promotion of digital villages has positioned technology as a key enabler
of agricultural economic upgrading and sectoral transformation [17]. By integrating digital
systems into agricultural processes, digital transformation has triggered innovative shifts
within traditional farming, paving the way for a more intensive, efficient, and environmentally
conscious agricultural sector [18]. Digital tools have also been found to generate positive
spillover effects in resource deployment, industrial upgrading, and rural development. They
help improve factor efficiency, mitigate information asymmetries, and reduce transaction
costs [19], while simultaneously driving labor reallocation across rural markets [20]. These
outcomes enhance farmers’ market responsiveness, broaden decision-making scope, and
support the enlargement of farm operations [21].

Despite these developments, several research gaps remain. First, the unique role of
high-quality farmers—a group essential to rural transformation—has received limited
academic attention in the context of farm scale development. Second, few studies have sys-
tematically examined the pathways through which digital economy participation promotes
sustainable agricultural expansion. To address these gaps, this study utilizes survey data
from 868 high-quality farmers in Jiangxi Province, China, and applies OLS regression and
mediation analysis to investigate the relationship between digital economy participation
and agricultural management scale.

This study makes three distinct contributions. First, it underscores the importance
of high-quality farmers in advancing sustainable rural development—an aspect often
neglected in empirical research. Second, while previous research has largely focused
on factors such as land policy, market competition, or farmers” capabilities, this paper
highlights digital economy participation as a pivotal factor influencing both farm scale
and sustainability. Third, by incorporating subjective social status and land transfer-in as
mediating variables, this study offers a more comprehensive understanding of how digital
economy participation contributes to scale expansion and supports long-term sustainability.

2. Theoretical Analysis and Research Hypotheses
2.1. Theoretical Analysis of Digital Economy Participation and Agricultural Management Scale

With the swift evolution of the digital economy and its growing importance within the
broader economic landscape, the process of digital transformation across both economic
and social domains has accelerated significantly [22], promoting changes in agricultural
practices and advancing the integration of rural industries. To assess how digital economy
participation affects the agricultural management scale of high-quality farmers, this study
divides participation into three dimensions: digital production participation, digital supply
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and marketing participation, and digital finance participation. Driven by the digital econ-
omy, the integration of internet technologies, big data, and the Internet of Things (IoT) into
real-sector agriculture has fostered the emergence of digitally enabled farming systems [23].
For high-quality farmers, active engagement in the digital economy presents multiple
avenues to expand farm scale and improve operational efficiency. First, in the realm of
production, technological applications are transforming traditional farming methods and
reshaping industrial configurations, thereby accelerating the digital transition of agricul-
tural systems and value chain models [24]. Moreover, the widespread exchange of data
facilitated by digital platforms enhances agricultural informatization [25] and supports
data-informed decision-making [26], which in turn contributes—directly or indirectly—to
the expansion of farm scale. Second, in the areas of marketing and distribution, digital
platforms improve market connectivity, enabling farmers to better understand consumer
demand, refine positioning strategies, and make more targeted production plans [27],
which collectively support the growth of their operational scale. Third, in the financial sec-
tor, digital inclusive finance enhances targeting precision, narrows information gaps, and
reduces transaction costs [19,28]. This, in turn, increases rural access to affordable credit and
agricultural insurance, creating a supportive environment for expanding farming opera-
tions. Overall, digital economy engagement improves productivity, strengthens managerial
decision-making, broadening sales networks, and lowers financial access barriers—thereby
contributing to the upscaling of high-quality farmers” agricultural activities. Based on this
analysis, the following hypothesis is proposed:

H1. Digital economy participation positively influences the agricultural management scale of
high-quality farmers.

2.2. Pathways Through Which Digital Economy Participation Affects Agricultural Management Scale

As a social and occupational group, farmers have long experienced marginalization
and social exclusion, resulting in persistently low economic and political status [29]. Those
with lower levels of subjective social status often report a weaker sense of belonging within
society. However, with the rapid development of digital villages, engagement in the digital
economy offers new opportunities to strengthen farmers’ perceived social standing. Specif-
ically, digital platforms broaden farmers’ development prospects by improving resource
allocation and narrowing the information and opportunity gap between rural and urban
communities [30]. This enables them to engage more equally in economic activities, thereby
elevating their social position. In addition, the digital age has transformed traditional
social networks into more inclusive and interactive ecosystems, allowing farmers to build
broader relationships and collaborate with diverse actors. These enhanced interactions
help cultivate a stronger sense of social recognition and belonging. Furthermore, digital
economy participation mitigates information asymmetry [31], reducing barriers to rural
communication networks and increasing farmers’ awareness of their rights and roles in
society. As a result, they acquire a stronger sense of agency and personal value. When
farmers feel acknowledged and respected, they are more likely to reinvest in agricultural
production—committing additional time, effort, and capital—which ultimately contributes
to improved food security [32]. A higher level of subjective social status also reduces
farmers’ perceived risks and fosters greater confidence in their future. This psychological
security increases their willingness to adopt advanced technologies, modern management
models, and innovative farming practices. Such positive behavior further supports the ex-
pansion of agricultural management scale. Based on this analysis, the following hypothesis
is proposed:
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H2. Digital economy participation enhances subjective social status, thereby promoting the expan-
sion of agricultural management scale among high-quality farmers.

Over time, persistent uncertainties surrounding land ownership rights and slow
progress in rural land market reforms have constrained farmers’ willingness and ability
to engage in land transfer activities. However, with the rollout of land ownership con-
firmation policies and the reform known as the “separation of three rights” [33], rural
land transfer mechanisms have become increasingly dynamic and accessible. At the same
time, the digital economy has introduced more enabling conditions for land transfer-in.
In particular, digital platforms improve information flow and facilitate more precise data
matching among stakeholders, which helps streamline coordination between land sup-
ply and demand [34]. This, in turn, makes transactions more transparent and easier to
execute. Moreover, digital technologies help overcome spatial and temporal barriers in
land exchange, significantly reducing transaction costs [35] and enabling land transfers
to occur more swiftly and efficiently. As shifts take place in how agricultural labor and
land resources are allocated, land transfer-in serves as a strategic pathway for expanding
farm scale [33]. Farmers’ cropping decisions typically reflect the evolving distribution of
production factors. Increasing cultivated area allows high-quality farmers to more effec-
tively leverage local resource endowments, identify optimal planting zones, and tailor
cropping strategies [36], thereby boosting overall productivity. In addition, variation in
farm size corresponds to different levels of technological adoption among farmers [37]. As
operational scale grows, farmers are better positioned to utilize modern tools and methods.
The application of smart farming equipment, automated management systems, and science-
based cultivation techniques enhances both yield and quality, reduces unit costs, and raises
production efficiency [38]. Based on this analysis, the following hypothesis is proposed:

H3. Digital economy participation promotes land transfer-in, thereby facilitating the expansion of
agricultural management scale among high-quality farmers.

Based on the above analysis, this study constructs a conceptual framework illustrating
the influence of digital economy participation on the agricultural management scale among
high-quality farmers, as depicted in Figure 1.

Digital economy participation

» Digital production participation Heterogeneity analysis » Age heterogeneity
» Digital supply and marketing participation » Educational aspiration heterogeneity

» Digital finance participation

Indirect pathway

v

» Subjective social status | Agricultural management scale of

Direct pathway

» Land transfer-in high-quality farmers
y

Figure 1. Theoretical analysis framework.

3. Research Design
3.1. Data Source
Jiangxi Province is a prominent agricultural region and one of China’s key grain-

producing areas. The province places strong emphasis on rural talent development by
training local university graduates and cultivating rural governance professionals. In
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recent years, it has actively promoted digital infrastructure in rural areas by expanding
broadband coverage, establishing smart agriculture demonstration zones, and encouraging
the development of rural e-commerce. These initiatives have laid a solid foundation for
the digital transformation of agriculture and rural revitalization. The data employed
in this study were obtained from a specialized survey conducted by the research team
of the Jiangxi Provincial Educational Science Planning Project between September and
December 2022.

The data collection process primarily involved semi-structured interviews combined
with structured questionnaire surveys. Taking advantage of centralized training sessions
organized for high-quality farmers enrolled in an academic advancement program across
Jiangxi Province, the research team adopted a simple random sampling strategy to dis-
tribute the questionnaires. A total of 1000 questionnaires were issued and 948 valid re-
sponses were received. After rigorous data cleaning—including the removal of incomplete
and invalid responses—the final effective sample comprised 868 correspondents, yielding
a valid response rate of 91.56%.

In this study, “high-quality farmers” are defined as individuals who either possess
official training certificates (including those for new-type professional farmers) or whose
participation has been verified through the information systems of local agricultural and
rural affairs bureaus. The sample includes participants from seven prefecture-level cities
within Jiangxi Province—namely Nanchang, Shangrao, Yichun, Xinyu, Pingxiang, Ji'an, and
Ganzhou—to ensure broad regional representation. The questionnaire gathered informa-
tion on individual attributes, household characteristics, and production-related behaviors
of high-quality farmers.

3.2. Variable Selection

(1) Dependent variable: agricultural management scale. In agricultural production,
land functions both as a production input and a foundational resource. Accordingly, culti-
vated land area is widely used as a core indicator for evaluating agricultural management
scale. Drawing on existing studies [39], this study quantifies agricultural management
scale by using the actual cultivated land area and applies a logarithmic transformation to
normalize the data distribution.

(2) Independent variable: digital economy participation. Based on the County Digital
Village Index (2020), digital economy participation in this study is defined as the extent
of farmers’ involvement in digital transformation processes within rural industrial sectors,
specifically across production, supply and marketing, and financial services. Therefore, this
variable consists of three dimensions: digital production participation, digital supply and
marketing participation, and digital finance participation. Digital production participation
refers to the adoption of digital tools to optimize production management processes and
enable precision agriculture. Digital supply and marketing participation encompasses the
use of e-commerce platforms, social media, and online marketplaces to sell agricultural
products, as well as the use of smart logistics for accurate product delivery. Digital finance
participation includes the use of third-party payment services, digital credit tools, and online
financial platforms such as Yu’ebao, internet banking, and digital investment products [40]. A
high-quality farmer is considered digitally active if they engage in at least one of these three
activities described above, coded as 1; otherwise, they are assigned a value of 0.

(3) Mediating variables: subjective social status and land transfer-in. Subjective social
status reflects an individual’s self-assessed position within the social hierarchy and sense of
belonging [41]. In this study, it is measured using a self-reported scale from 1 to 10, where
higher values represent stronger perceived social standing. Land transfer-in is viewed as a
mechanism through which farmers enlarge their farm operations. Farmers with greater



Sustainability 2025, 17, 3777

6 of 16

production or financial capacity often lease additional land to upgrade into more efficient
and modernized agricultural business entities [41]. This variable is measured as a binary
indicator, where 1 denotes that the farmer has leased in land, and 0 indicates otherwise.

(4) Instrumental variable: digital economy scale. In line with prior research [42], this
study uses the 2021 digital economy output of each respondent’s prefecture-level city as
an instrumental variable. This variable represents the total economic value generated
from digital industries and digital products [43]. Because of path dependency, digital
economy scale in 2021 is closely associated with farmers’ digital economy participation
in 2022, yet it does not directly determine their individual agricultural management scale.
The digital economy scale influences agricultural management scale indirectly through
broader regional development, not through direct farmer-level outcomes. Agricultural
management scale is affected by a variety of contextual factors, such as land availability,
labor supply, capital access, and local market conditions. Even in regions with advanced
digital economies, farm size may remain small if structural constraints persist. This makes
the instrument valid and suitable for addressing potential endogeneity.

(5) Control variables. The model includes multiple control variables to account for
individual and household characteristics: gender, age, health status, digital governance,
education level, village cadre status, household size, and per capita annual gift expenditures.
Descriptive statistics for these variables are reported in Table 1.

Table 1. Variable definitions and descriptive statistics.

Variable Definition Mean SD
(1) Dependent variable
Agricultural management scale Actgal cultivated lanq area (log-transformed after 1.206 0.664
adding 1), measured in mu
(2) Independent variables
Whether the farmer engages in at least one of digital
Digital economy participation production, digital supply and marketing, or digital 0.733 0.443
finance; 0 = No, 1 = Yes
Whether the farmer adopts IoT, drones, or other digital
Digital production participation technologies to optimize production processes in farming 0.472 0.500
and livestock management; 0 = No, 1 = Yes
Whether the farmer utilizes social media, e-commerce
. . S platforms, or live streaming for product sales, and employs
Digital supply and marketing participation smart logistics for precise transportation and distribution; 0 0.584 0493
=No, 1= Yes
e s Whether the farmer uses third-party payment systems,
Digital finance participation digital credit products, or investment tools; 0 = No, 1 = Yes 0.556 0.497
(8) Mediating variables
- . Self-reported perceived social class on a scale of 1 to 10,
Subjective social status with higher scores indicating higher status 4.329 2.262
Land transfer-in Whether the farmer has leased in farmland; 0 = No, 1 = Yes 0.184 0.388
(4) Instrumental variable
. Digital economy scale of the respondent’s prefecture-level
Digital economy scale city (log-transformed, measured in CNY 100 million) 6-199 0-904
(5) Control variables
Gender 0 = Female, 1 = Male 0.421 0.494
Age Actual age in years 34.712 6.865
1 = Very unhealthy, 2 = Unhealthy, 3 = Average,
Health status 4 = Faitly healthy, 5 = Very healthy 4.669 0.602
1 = Elementary school, 2 = Middle school, 3 = High
Education level school/Vocational school, 4 = Junior college, 2.824 0.501
5 = Bachelor’s degree
Village cadre }/Vzhite};er the farmer holds a village cadre position; 0 = No, 0.124 0330
Whether the farmer uses digital platforms for CPC/party
Digital governance education, village affairs, remote learning, or participates 0.789 0.408
in democratic supervision via social media; 0 = No, 1 = Yes
Household size Total number of family members 4.950 1.482
Per capita annual gift expenditures 1= Less than CN'Y 1000, 2 = CN'Y 1000-3000, 3 = More than 2.329 0.689

CNY 3000
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3.3. Model Setting

To empirically assess how digital economy participation influences the agricultural
management scale of high-quality farmers, this study adopts an Ordinary Least Squares
(OLS) regression framework. The model is formally expressed as follows:

Si = aD; + BX; + y; 1)

where S; represents the dependent variable, agricultural management scale; D; denotes
the independent variable, digital economy participation; and X; is a vector of control
variables capturing individual and household characteristics that may affect agricultural
management scale. y; is the stochastic error term, while a# and f are the coefficients to
be estimated.

4. Empirical Result Analysis
4.1. Regression Result Analysis

Table 2 reports the OLS regression examining the relationship between digital economy
participation and agricultural management scale. As shown in column (1), the estimated
coefficient of digital economy participation is 0.391 and is statistically significant at the
1% level, indicating that high-quality farmers engaging in the digital economy are more
likely to operate on a larger scale. This outcome provides empirical support for hypothesis
H1. By promoting high-quality agricultural development, the digital economy contributes
to the optimization of production, processing, and distribution processes [44], thereby
addressing inefficiency, high transaction costs, and risk exposure commonly associated
with fragmented, small-scale farming. Further analysis shows that all three sub-dimensions
of digital economy participation—digital production participation, digital supply and
marketing participation, and digital finance participation—exhibit significantly positive
associations with agricultural scale. Among them, digital production participation displays
the largest coefficient, implying that it has the most substantial effect on enhancing farm
size among high-quality farmers. Participation in digital production enables farmers
to bypass conventional constraints, increase productivity, improve product quality, and
enhance sustainability.

With regard to control variables, male farmers demonstrate a higher likelihood of
expanding farm scale, a pattern that may reflect gender differences in decision-making
authority and risk tolerance. In addition, older farmers are more likely to scale up their
operations, likely because they have accumulated more agricultural experience and re-
sources over time. High-quality farmers who serve as village cadres—key figures in
local governance—are better equipped to mobilize land, technology, and financial capital
through institutional networks, which facilitates scale expansion. Moreover, household
size is positively associated with agricultural scale, as larger households typically offer
more labor input, thereby supporting expanded operations and higher productivity.
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Table 2. Baseline regression results.
Variable @ 2) 3) 4
Digital economy participation 0.391 ***
(0.100)
Digital production participation 0.428 ***
(0.098)
Digital supply and marketing participation 0.164 *
(0.096)
Digital finance participation 0.152 *
(0.091)
Gender 0.513 *** 0.509 *** 0.514 *** 0.518 ***
(0.094) (0.094) (0.096) (0.095)
Age 0.024 *** 0.025 *** 0.024 *** 0.024 ***
(0.008) (0.008) (0.008) (0.008)
Health status 0.056 0.026 0.064 0.066
(0.070) (0.069) (0.070) (0.070)
Pre-enrollment education level —0.134 —0.156 * —0.147 * —0.149 *
(0.082) (0.082) (0.084) (0.083)
Village cadre 0.412 *** 0.382 ** 0.410 ** 0.416 ***
(0.159) (0.157) (0.159) (0.159)
Digital governance 0.105 0.093 0.182* 0.192 *
(0.109) (0.108) (0.108) (0.105)
Household size 0.067 ** 0.060 ** 0.065 ** 0.063 **
(0.029) (0.029) (0.029) (0.029)
Per capita annual gift expenditures 0.054 0.063 0.063 0.060
(0.066) (0.067) (0.067) (0.066)
Constant —0.490 —0.202 —0.375 —0.353
(0.556) (0.548) (0.557) (0.552)
R? 0.107 0.114 0.096 0.096
N 868 868 868 868

Notes: ***, ** and * denote significance at the 1%, 5%, and 10% levels, respectively. Standard errors are reported
in parentheses.

4.2. Heterogeneity Analysis
4.2.1. Age Group Analysis

Farmers’ production behavior tends to vary notably across different age groups. To
further explore whether digital economy participation impacts agricultural management
scale differently depending on age, this study conducts a heterogeneity analysis by age
cohort. Following prior studies [45], we split the sample using 45 years as the cutoff:
farmers aged above 45 were classified as the older group, while those aged 45 or below
were assigned to the younger group. The regression outcomes for each subgroup are
presented in Table 3.

Table 3. Age group regression results.

Variable Younger Group Older Group
Digital economy participation 0.348 *** 0.956 *
(0.10) (0.51)
Control variables Controlled Controlled
Constant 0.098 4.570 %
(0.45) (2.66)
R? 0.084 0.294
N 808 60

Notes: *** and * denote significance at the 1% and 10% levels, respectively. Standard errors are reported
in parentheses.

The results reveal that digital economy participation positively influences agricultural
management scale in both groups, although the effect size varies. Specifically, the coefficient
for the older group is larger, suggesting a stronger association. A likely explanation is
that older farmers possess more hands-on practical experience, which provides a robust
foundation for scaling operations. However, compared with their younger counterparts,
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they generally exhibit lower proficiency in digital technologies, which may limit their
ability to fully utilize digital tools in farm management. When older high-quality farmers
participate in the digital economy, they are able to overcome traditional constraints related
to production, logistics, and financing, thereby achieving substantial improvements in
agricultural management scale.

4.2.2. Educational Aspiration Analysis

Higher education is widely recognized as a key pathway to enhancing human capital,
contributing significantly to both economic development and social progress. To determine
whether the effect of digital economy participation on agricultural management scale differs
based on farmers” educational aspirations, this study conducted subgroup regressions based
on their willingness to pursue further education. The corresponding results are presented
in Table 4.

Table 4. Regression results based on willingness to pursue further education.

Variable With Willingness to Pursue Without Willingness to Pursue
Further Education Further Education
Digital economy participation 0.356 *** 0.530 **
(0.11) (0.26)
Control variables Controlled Controlled
Constant —0.597 0.119
(0.59) (1.32)
R? 0.109 0.171
N 798 70

Notes: ** and ** denote significance at the 1% and 5% levels, respectively. Standard errors are reported in parentheses.

The findings indicate that digital economy participation positively influences agri-
cultural management scale in both groups, although the strength of the effect differs.
Specifically, the impact is greater among farmers without the intention to pursue further
education, compared to those with such aspirations. One possible explanation is that
farmers with aspirations for further education tend to devote more effort to learning and
self-development, which may limit their involvement in day-to-day farming activities.
Although higher education can improve technical knowledge and managerial ability, its
contributions to farm productivity may not be immediately realized. Consequently, the
short-run effect of digital economy participation on agricultural management scale appears
relatively smaller for this subgroup.

4.3. Endogeneity Test

To address potential endogeneity issues in the relationship between digital economy
participation and agricultural management scale, this study uses the digital economy scale
of the respondent’s prefecture-level city as an instrumental variable. In terms of relevance,
a city’s digital economy scale significantly affects local residents” engagement in digital
activities. Generally, areas with more developed digital economies exhibit higher rates of
technology adoption, thereby encouraging a greater number of high-quality farmers to
participate in the digital economy. Regarding exogeneity, the macro-level digital economy
scale is theoretically unlikely to have a direct impact on an individual farmer’s agricultural
management scale. Instead, it operates indirectly by influencing their probability of par-
ticipating in digital economy activities. This satisfies the exclusion restriction required for
valid instrumental variable estimation.

Table 5 presents the two-stage regression results using the digital economy scale
as an instrumental variable. In the first-stage regression, the digital economy scale is
found to be positively and significantly correlated with digital economy participation at
the 1% level, indicating strong instrument relevance. Moreover, the first-stage F-statistic
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exceeds the conventional threshold value of 10, indicating that the instrumental variable
is unlikely to suffer from the weak instrument issue. In the second-stage regression, after
correcting for endogeneity using the IV approach, digital economy participation remains
positively and significantly associated with agricultural management scale at the 1% level.
Additionally, the Wald test rejects the null hypothesis that “digital economy participation is
exogenous” at the 1% significance level, confirming the existence of endogeneity. These
findings offer robust empirical evidence that digital economy participation has a positive
effect on agricultural management scale, even after addressing potential endogeneity bias.

Table 5. Endogeneity test results.

Variable First Stage: Digital Second Stage: Agricultural
Economy Participation Management Scale
Digital economy scale 0.046 ***
(0.015)
Digital economy participation 8.981 ***
(3.198)
Control variables Controlled Controlled
Constant 0.111 —4.041*
(0.205) (2.088)
F 13.40
N 868 868

Notes: *** and * denote significance at the 1% and 10% levels, respectively. Standard errors are reported
in parentheses.

4.4. Robustness Test
4.4.1. Model Adjustment

Considering the distribution characteristics of the dependent variable (agricultural
management scale), this study re-estimates the baseline model using a Tobit regression
instead of the OLS model to assess the stability of the results.

4.4.2. Alternative Dependent Variable

Agricultural management scale can be captured through both input indicators (e.g.,
farm size) and output indicators (e.g., sales revenue) [46]. To further validate the reli-
ability of the results, this study substitutes the dependent variable with farm business
income. Since this variable is ordered and categorical, an Ordered Probit (OProbit) model
is employed for estimation.

Table 6 presents the robustness results from both approaches. As shown in columns (1)
and (2), the key coefficients remain stable in magnitude and statistically significant, regardless
of whether the estimation model is changed or the dependent variable is redefined. These
robustness checks reinforce the conclusion that digital economy participation contributes
significantly to the expansion of agricultural management scale among high-quality farmers.

Table 6. Robustness test results.

Variable 1) 2
Digital economy participation 0.593 *** 0.477 ***
(0.145) (0.178)
Control variables Controlled Controlled
Constant —1.253 *
(0.748)
N 868 868

Notes: *** and * denote significance at the 1% and 10% levels, respectively. Standard errors are reported
in parentheses.
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5. Mechanism Analysis

The previous analysis confirmed that digital economy participation significantly con-
tributes to the expansion of agricultural management scale among high-quality farmers.
This conclusion remained robust after addressing endogeneity concerns and conducting
multiple robustness checks. Additionally, the theoretical framework and proposed hy-
potheses suggest that digital economy participation may enhance subjective social status
and facilitate land transfer-in, both of which could serve as potential mediating chan-
nels through which farm scale expansion occurs. However, it is essential to empirically
examine the existence and magnitude of these potential mechanisms. Doing so helps
clarify the mediating role of subjective social status in linking digital economy participation
to agricultural management scale, as well as the role of land transfer-in in supporting
this relationship.

To empirically assess these channels, this study constructs two mediation models:
(1) the “Digital economy participation—Subjective social status—Agricultural management
scale” model, which evaluates whether digital economy participation leads to agricultural
management scale expansion by improving farmers’ subjective social status; and (2) the
“Digital economy participation—Land transfer-in—Agricultural management scale” model,
which tests whether digital economy participation promotes agricultural management scale
expansion through greater access to land resources. The mediation models are specified

as follows:
Si =g +a1D; 4+ ar X; + p; )
Ci = Bo + B1D; + B2 X; + i 3)
Si =70+ 71Di + 712G + 73 X; + i (4)

where C; represents either subjective social status or land transfer-in for farmer 7; a, 8, and
7 are the parameters to be estimated, and all other variables are defined consistently with
Equation (1).

5.1. Digital Economy Participation, Subjective Social Status, and Agricultural Management Scale

The mediation test results for subjective social status are presented in Table 7. The
results indicate that digital economy participation remains positively and significantly
associated with agricultural management scale, in line with the previous results. When
subjective social status is introduced into the model, digital economy participation is found
to significantly enhance subjective social status, with statistical significance at the 1% level.
According to the mediation testing procedure, subjective social status partially mediates
the relationship between digital economy participation and agricultural management scale.
The Sobel test yields a p-value < 0.05 and the indirect effect accounts for 8.55% of the
total effect, thereby confirming hypothesis H2. This result suggests that digital economy
participation improves the subjective social status of high-quality farmers, broadening
their vision and access to resources, which, in turn, contributes to the expansion of their
agricultural management scale.
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Table 7. Mediating effect of subjective social status.
Variable 1 2) 3)
Digital economy participation 0.391 *** 0.697 *** 0.358 ***
(0.100) (0.176) (0.101)
Subjective social status 0.048 **
(0.020)
Control variables Controlled Controlled Controlled
Constant —0.490 —0.764 —0.454
(0.556) (0.911) (0.555)
R? 0.107 0.073 0.112
N 868 868 868

Notes: ** and ** denote significance at the 1% and 5% levels, respectively. Standard errors are reported in parentheses.

5.2. Digital Economy Participation, Land Transfer-in, and Agricultural Management Scale

The mediation test results for land transfer-in are presented in Table 8. Consistent with
previous findings, digital economy participation continues to show a significant positive
effect on agricultural management scale. After incorporating land transfer-in into the
model, digital economy participation is found to significantly influence land transfer-in,
statistically significant at the 10% level. This suggests that digital economy participation
promotes land transfer-in among high-quality farmers. Following the mediation testing
framework, land transfer-in partially mediates the effect of digital economy participation
on agricultural management scale. The Sobel test reports a p-value < 0.1 and the mediation
effect accounts for 17.82% of the total effect, confirming hypothesis H3. This finding
indicates that digital economy participation facilitates land transfer-in among high-quality
farmers, leading to expanded farm size, which, in turn, promotes growth in agricultural
management scale.

Table 8. Mediating effect of land transfer-in.

Variable ® 2) 3)
Digital economy participation 0.391 *** 0.051 * 0.322 #**
(0.100) (0.028) (0.091)
Land transfer-in 1.372 ***
(0.151)
Control variables Controlled Controlled Controlled
Constant —0.490 —0.434 *** 0.106
(0.556) (0.152) (0.513)
R2 0.107 0.084 0.238
N 868 868 868

Notes: *** and * denote significance at the 1% and 10% levels, respectively. Standard errors are reported in parentheses.

6. Discussion and Conclusions
6.1. Discussion

Drawing on micro-survey data from 868 high-quality farmers in Jiangxi Province,
this study explores how digital economy participation relates to agricultural management
scale. The empirical analysis demonstrates a clear and statistically significant association
between digital economy participation and the expansion of agricultural management
scale. These results align with prior studies, which emphasize that digital tools reduce
information asymmetry, lower transaction costs, and enhance resource allocation efficiency
in agriculture [47,48]. Further investigation into the three dimensions of digital economy
participation—digital production participation, digital supply and marketing participation,
and digital finance participation—shows that digital production participation exerts the
strongest and most consistent impact on agricultural management scale. This finding
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suggests that production-oriented digital tools have a more direct and transformative effect
on farm expansion than other forms of digital engagement.

Building on these insights, this study highlights important heterogeneity in the out-
comes of digital transformation. Specifically, the subgroup analysis reveals that digital
economy participation exerts a greater influence on farm scale expansion among older
farmers and those not willing to pursue further education. This pattern may reflect older
individuals” deeper experience and motivation to maintain or expand agricultural oper-
ations, whereas farmers with aspirations for further education may be more focused on
non-agricultural pursuits, limiting their immediate investment in farm expansion. These
results challenge the common assumption that digital tools automatically benefit younger
or more educated users, and instead point to the need for policy frameworks that account
for generational and aspirational differences. Moreover, this study identifies two key
mechanisms: subjective social status and land transfer-in. The former captures the psycho-
logical empowerment enabled by digital inclusion—a dynamic often discussed in rural
development and behavioral economics literature. The latter reflects the capacity of digital
platforms to facilitate rural land exchange by reducing transaction barriers and improving
market transparency. Together, these mechanisms suggest that digital participation not
only improves productivity but also reshapes rural social relations and factor mobility.

Importantly, this study contributes to the global debates on agricultural digitaliza-
tion, especially in developing and transition economies. While much prior research has
concentrated on high-income contexts, this analysis offers context-specific insights from
a less-developed, agriculture-intensive region with emerging digital infrastructure. The
findings carry broader implications for countries facing comparable rural challenges, high-
lighting the value of inclusive, context-sensitive digital strategies to enhance scalability and
sustainability in smallholder-driven systems.

That said, several limitations remain and open avenues for future research. First, the
use of cross-sectional data from a single province limits the spatiotemporal generalizability
of the findings. Future work could employ panel data or comparative regional designs to
explore dynamic and geographic variations in digital adoption. Second, although subjective
social status and land transfer-in are shown to mediate the observed relationships, their
strength likely depends on contextual factors. For example, the effect of subjective social
status may vary with local social networks, mobility structures, or conversion barriers
between perceived status and material outcomes. Similarly, the role of land transfer-in
may differ with plot quality, land fragmentation, or institutional arrangements in local
land markets. Due to data constraints, this study could not empirically test such boundary
conditions, but future research could incorporate social network metrics, geospatial land
quality indicators, or village-level governance variables to probe these dynamics further.
Finally, while the focus here is on high-quality farmers, it is equally important to examine
how digital participation affects smallholders and marginalized groups, thereby supporting
the development of more inclusive and targeted digital agricultural policies.

6.2. Conclusions

Based on the preceding analysis, the findings can be summarized as follows:

First, digital economy participation contributes to the expansion of agricultural man-
agement scale among high-quality farmers in Jiangxi Province. This conclusion is supported
by endogeneity tests and robustness checks, with digital production participation exhibit-
ing the most substantial impact. Second, the heterogeneity analysis reveals that among
high-quality farmers, older individuals or those not willing to pursue further education
derive greater benefits from digital economy participation. Third, subjective social status
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and land transfer-in serve as critical channels mediating the relationship between digital
economy participation and agricultural management scale.

These results provide empirical support for advancing digital transformation as a pol-
icy tool to enhance agricultural productivity and promote sustainable rural development.

6.3. Policy Recommendations

In light of the findings, the following policy recommendations are offered to promote digital
participation and foster sustainable agricultural development among high-quality farmers:

First, to maximize the impact of digital economy participation—particularly digital
production participation—in scaling up agricultural management scale, policymakers
should prioritize the adoption of production-focused digital technologies. This includes
subsidizing smart farming equipment, precision agriculture platforms, and IoT-based
production systems. Additionally, a “digital farming toolkit” initiative could be introduced
for high-quality farmers, combining software access, technical assistance, and infrastructure
upgrades into an integrated support package.

Second, implement differentiated digital support strategies based on farmers” age
and educational aspirations. For older farmers, efforts should focus on improving digital
literacy and expanding access to user-friendly, production-oriented technologies to help
them overcome conventional production barriers. For those willing to pursue further edu-
cation, policy efforts should emphasize translating academic knowledge into agricultural
innovation. This could include developing research-application integration platforms and
offering flexible, remote agricultural learning modules, enabling farmers to remain engaged
in agriculture while advancing their educational goals.

Third, strengthen the mechanisms through which digital participation facilitates farm
scale expansion—specifically, subjective social status and land transfer-in. To strengthen
psychological empowerment and societal recognition, a digital identity certification system
could be developed to validate and reward digital farming achievements (e.g., precision
management, online sales performance). To improve land circulation efficiency, pilot
blockchain-based platforms for land titling and transaction documentation could be intro-
duced to reduce transaction costs and risks in rural land markets.

Together, these measures can enhance the synergy between digital transformation and
sustainable agriculture, thereby promoting farm scale expansion, raising farmers’ incomes,
and advancing rural revitalization.
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