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How does digital technology
application empower specialty
agricultural farmers? Evidence
from Chinese litchi farmers

Jing Xu, Junyi Wan* and Zhigiang Dai

College of Economics and Management, South China Agricultural University, Guangzhou, China

Introduction: Specialty agricultural farmers have widely adopted digital
technologiesin all aspects of their specialty agricultural operations. However, the
effect of digital technology application (DTA) on specialty agricultural farmers’
income has not been fully evaluated. Moreover, it remains unclear whether
DTA enhances farmers’ income (Fl) by improving their varied capabilities. To fill
this gap, we analyzed the intrinsic relationship and mechanism between DTA,
farmers’ capability (FC), and specialty agricultural farmers’ income.

Methods: Using field survey data from 635 litchi farmers in China, we employed
OLS regression models and mediation effect models to empirically investigate
DTA's direct and indirect impacts on litchi farmers’ income. Additionally,
we examined the group heterogeneity and regional heterogeneity.

Results and discussion: The empirical results show that DTA can promote
specialty agricultural farmers’ income by enhancing their production capacity
(PC) and transaction capacity (TC). Heterogeneity analysis showed that the
empowering effect of DTA is especially significant for disadvantaged farmers,
and farmers who are in specialty agricultural resources-rich regions.

Conclusion: This study contributes to the body of research on the empowerment
of specialty agricultural farmers by examining the effect of DTA from a capability
perspective. Consequently, to better play the empowering effect of DTA
for specialty agricultural farmers, policymakers should account for regional
disparities in promoting digital agriculture, and enhance heterogeneous farmers’
DTA capability.

KEYWORDS

digital technology application, specialty agricultural farmers, productive capacity,
transaction capacity, China

1 Introduction

Promoting industrial revitalization to help farmers achieve sustainable and stable income
growth is an essential path for China to consolidate the achievement of poverty alleviation and
realize common prosperity. Specialty agriculture, as a vital element of industrial revitalization,
makes a significant contribution to farmers” income growth (Li and Gan, 2022). This paper
defines specialty agriculture as agriculture distinguished by varietal, regional, and cultural
characteristics, in addition to the foundational attributes of general agriculture. It typically
encompasses unique product categories, exceptional varieties, and superior quality, and is
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FIGURE 1
Internet penetration rate in rural China and per capita disposable income of rural residents in China from 2013 to 2023.

closely connected to the regional environment (Wan, 2022).
Compared with general agriculture, specialty agriculture can generate
sales revenue that is three to five times higher (Garg et al., 2023). The
prices of protected geographical indication (GI) products are 11.5%
higher than those of non-protected (Duvaleix et al., 2021). China has
been making great efforts to advance specialty agriculture
development. In 2017, the Chinese Government’s Central Document
No. 1 clearly emphasized the need to transform local specialties and
small varieties into major industries to promote farmers’ income. The
20th Party Congress report also advocated developing rural specialty
industries and expanding farmers” income channels. This focus was
emphasized in the Chinese Government’s Central Document No. 1 for
three consecutive years from 2022 to 2024. Driven by policies,
specialty agriculture fosters rural industrial revitalization, resulting in
increased incomes for local farmers. For example, by 2023, China has
developed 3,274 “one village, one product” model villages and towns."
Farmers’ per capita disposable income in these model villages and
towns is about 10% higher than the national average (see footnote 1).
However, official data are often average which can obscure the
significant disparities in individual incomes. Our field survey data
from 635 litchi farmers shows that the gap between the highest and
lowest average net income can reach up to 400 times. More
significantly, the foundation of some specialty agriculture is not solid
in some regions. The monitoring result for the first six batches of
national “one village, one product” model villages and towns shows
that about 5.88% of villages and towns failed to meet the required
standards (see footnote 1), which not only failed to empower farmers

1 Data source: The Ministry of Agriculture and Rural Affairs of the People’s

Republic of China.
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but also potentially remove farmers’ original ability. Thus, focusing on
the issue of empowering specialty agricultural farmers and increasing
their incomes is of great practical significance.

This task arises within two crucial contexts. Firstly, digitization
has become a vital component of China’s economy. Since the 1990s,
when Internet technology kicked off China’s digitization, the country
has witnessed rapid growth in digital technology development.
According to the latest data from the China Office of the Central
Cyberspace Affairs Commission, China’s digital economy reached
50.2 trillion yuan in 2022,> making up 41.5% of its GDP. Digital
technology, as a new element, is now deeply embedded in agriculture.
For example, the Internet, which is widely accessible to farmers, had
a penetration rate of 66.5% in China’s rural areas in 2023.> The
integration of digital technologies with agriculture has revolutionized
farmers’ production and business models (Abiri et al., 2023), creating
new opportunities for increasing their incomes. We plotted the
relationship between internet penetration rate in rural China (data
from CNNIC) and per capita disposable income of rural residents in
China (data from CNBS) from 2013 to 2023 (Figure 1). The results
indicate a positive correlation between these two variables. In other
words, as internet penetration rate rises, so does per capita disposable
income of rural residents. This implies that the DTA of farmers may
positively impact their income. Thus, it is important to provide more
empirical evidence on the relationship between DTA and FI to address
the challenge of maintaining stable income growth for farmers.

The second context is, specialty agricultural farmers are in dire
need of digital technology empowerment. In reality, Many of China’s

2 Yuanis a Chinese currency; 1 yuan is equivalent to USD 0.14 in 2024.

3 Data source: The China Internet Network Information Center (CNNIC).
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farmers are located in traditional agricultural areas, often remote and
inaccessible but possess unique natural and cultural resources (Lin
et al., 2023), suitable for developing specialty agriculture. Compared
to general agriculture, specialty agricultural farmers face unique
production risks, such as high perishability and high climate
dependence (Flores et al., 2019), and are also vulnerable to extreme
fluctuations in temperature and humidity (Zhao and Yue, 2020).
Consumers expect high levels of freshness and flavor from specialty
produce (Ruiz-Altisent et al., 2010), so specialty produce needs to
be delivered to market immediately after harvest. However, unlike
grain crops, specialty crops generally do not receive government
protection, requiring farmers to bear their risks, and cope with high
production and trading uncertainties, and it is challenging for
specialty agricultural farmers to enter larger markets independently.
Therefore, there is a growing demand from specialty agricultural
farmers for digital technologies that can link small farmers to larger
markets. To maximize the role of digital technology in empowering
specialty agricultural farmers, the Chinese government has
implemented several substantial decisions and deployments. In 2019,
the government issued the Outline of the Strategy for Digital
Countryside Development, explicitly proposing the “promotion of
deep integration of the internet and specialty agriculture” In 2022, the
Central Office of the Internet, along with ten other departments,
issued the Action Plan for the Development of the Digital Countryside
(2022-2025), emphasizing the “continuous implementation of ‘digital
business for agricultural development'.. to promote mobile payment
projects in rural areas, specialty industries...” Therefore, examining
how DTA can empower specialty agricultural farmers to increase their
incomes is crucial for designing better policy tools to promote
common prosperity.

Recently, the issue of how DTA empowers farmers has gained
considerable attention. There are two main strands of literature
relevant to this paper. First, it relates to the ongoing debate
concerning the impact of DTA on farmers’ performance. Before
assessing these impacts, it is essential to clarify the definitions and
categories of DTA. Existing literature varies in these respects due to
differing research contexts. Many studies categorize and define DTA
based on technical attributes (Kvam et al, 2022), constituent
elements (Ancillai et al., 2023), and usage intentions (Schnebelin,
2022). On this basis, researchers have examined how DTA influences
FC and FI. They believe that DTA works by influencing farmers’
market sales (Aker and Ksoll, 2016), intra-household resource
allocation (Diiro et al., 2021), production factor allocation (Carrer
et al, 2015), green production (Wang et al., 2024), technology
adoption (Zheng et al., 2022) and other production behaviors,
thereby enhancing FC. However, regarding the impact of DTA on FI,
there are different research conclusions. Some scholars believe that
DTA can increase FI (Zhou et al., 2020) and significantly benefit
low-income groups (Zhang, 2022). Conversely, DTA is considered a
“double-edged sword” that might accelerate group polarization
(Scheerder et al., 2017). This is mainly because effectively using
digital technology requires certain competencies, such as digital
skills and literacy (Kabbiri et al., 2018). Some farmers lack these
competencies, making it difficult for them to benefit from digital
technology (Marshall et al., 2022). In addition, this paper is relevant
to literature that investigates the mechanisms of farmer
empowerment. The existing literature evaluates the influence of
external factors, such as agricultural extension services (Yitayew

Frontiers in Sustainable Food Systems

10.3389/fsufs.2024.1444192

et al., 2023), agricultural policy subsidies (Biagini et al., 2023),
agricultural land titling (S¢ogo and Zahonogo, 2023), collective
action (Lin et al., 2022), and farmer field schools (Luther et al., 2018)
on empowering farmers. Some scholars have also looked at intra-
farmer factors, such as new technology adoption (Abate et al., 2018),
farmer risk management (Lien et al., 2022), precision agriculture
adoption (Carrer et al., 2022), and crop diversification (Hoang et al.,
2021) on farmer empowerment.

Although the existing literature has delved deeply into the DTA
and farmer empowerment, three critical aspects remain significantly
under-explored. First, existing evidence regarding the impact of DTA
is mainly concentrated within general agricultural farmers (e.g., Kai
etal, 2023; Ma etal,, 2023; Zheng and Ma, 2023), leaving the influence
of DTA on specialty agricultural farmers relatively unclear. While
specialty agriculture possesses attributes common to general
agriculture, it also exhibits distinct characteristics. Consequently, the
conclusions derived from research on general agricultural farmers
may not be directly applicable to specialty agricultural farmers.
Second, much of the extant empirical literature concerning DTA has
primarily focused on the overall farmers’ income effects (e.g., Zhang
H.etal, 2023; Yietal, 2023), with limited attention to substantiating
the underlying mechanisms. Lastly, assessing DTA behavior on a
micro level is particularly challenging, and there is a lack of a widely
accepted system for measuring DTA. Current literature typically
employs two main methods to illustrate DTA. Due to a shortage of
micro-level field surveys about farmers’ DTA, most empirical research
depends on secondary databases, which often have time delays and
accuracy issues, leading to scholars using proxy variables like “internet
use” to indirectly assess DTA (Wang et al., 2024). The other method
focuses on specific forms of DTA, such as digital financial inclusion
and digital e-commerce (Guo et al., 2023), without considering the
diverse scenarios of DTA throughout the agro-industrial chain.

Referring to these research gaps, this study aims to contribute to
the existing body of literature by providing farmers’ micro-level
evidence for the impact of DTA on FI and delving into the potential
mechanisms. We use survey data from lychee growers in China to
estimate the impact of DTA on FI. Our findings indicate an increase
in FI as a consequence of DTA, particularly among disadvantaged
farmers and farmers in areas with rich specialty agricultural resources.
The results of the mechanism analysis suggest that this positive effect
can be primarily attributed to the production-empowering and
transaction-empowering mechanisms of DTA, in which DTA
enhances farmers’ PC and TC, thereby contributing to increased FI.

The contributions of this study to the existing literature are three-
fold. First, we present new evidence on farmers’ DTA, expanding on
the causal impact of DTA on farmers’ economic performance. The
measurement of DTA in the existing literature may not adequately and
accurately reflect the actual status of DTA among farmers. Using rich
household-level survey data, we measure farmers’ DTA throughout
the agricultural chain of pre-production, production, and post-
production behaviors that are often challenging to observe at the
macro level. This approach provides a more comprehensive picture of
farmers’ DTA and allows us to explore potential channels behind the
observed effects.

Second, by focusing on the specialty agriculture context, we add
new empirical facts empowered by DTA. The production process of
grain crops is often easily outsourced to socialized agricultural service
organizations, which provide equal digital technology for farmers,
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resulting in narrowing the gap driven by farmers’ own DTA behaviors.
In contrast, specialty crops that require intensive cultivation tend to
have a lower degree of socialized agricultural service development.
The performance differences stemming from farmers’ own DTA
behaviors are more pronounced in specialty crops. Furthermore,
China’s grain crops are backed by guaranteed price purchases,
exposing grain farmers to limited market risks and lower requirements
for transaction capability. Conversely, most specialty crops offer
higher economic benefits than grain crops, with relatively less
government subsidization, but face higher production and transaction
risks. Thus, our findings provide valuable insights into the relatively
under-explored empowering role of DTA among specialty
agricultural farmers.

Last, we assess the income effect of DTA in farmers micro-level
from a capability perspective, which provides new insights into the
analysis of digital technology empowerment. Previous studies have
recognized several effects of DTA on FI, including the social network
effect (Kai et al., 2023), the technology adoption effect (Zheng et al.,
2022), and the transaction cost effect (Yao et al., 2022). However, they
do not adequately reveal the underlying cause of different
performances among farmers with similar DTA behavior. Given that
participation in specialty agriculture presents multiple risks (Neill and
Morgan, 2021), requires a certain capacity of farmers, and capability
and income performance display a significant correlation (Li et al.,
2022), The variations in FC may be a key reason for the discrepancies
among specialty agricultural FI. Nevertheless, existing studies have
neglected the intrinsic impact of FC on FI. Although some research
has attended to the capability issue, the difficulty of measuring
capacity has led scholars to measure it relying on proxy variables like
production and operational efficiency (Mauki et al., 2023), which do
not adequately capture the diversity and complexity of FC. To address
this gap, we explore the internal logic of DTA empowerment of
specialty agricultural farmers from a capability perspective, unveiling
the embedded mechanisms of production empowerment and
transaction empowerment, and fostering the FC indicator system
applicable to the specialty agricultural operation context.

2 Theoretical analysis and research
hypotheses

This study draws on the resource-based theory (RBT) and
empowerment theory to explore the mechanism of digital technology
empowering farmers in specialty agriculture. The development of RBT
can be summarized into three primary stages: “traditional RBT—
dynamic capability theory—resource orchestration theory (Penrose,
1959; Wernerfelt, 1984; Teece et al., 1997; Sirmon et al., 2011). The
traditional RBT suggests that firms possessing VRIN resources can
gain a competitive advantage, highlighting the impact of resources on
organizational performance (Penrose, 1959; Wernerfelt, 1984).
However, scholars such as Eisenhardt and Martin (2000) argue that in
a dynamic and rapidly changing market environment, the competitive
advantage derived from such resources may not be sustainable. The
dynamic capability view, represented by Tecce et al. (1997), suggests
that how a firm utilizes its resources is as critical as the nature of the
resources themselves and that even without VRIN resources, firms can
achieve performance through resource utilization, coordination, and
other capabilities. This remedies the limitation of the traditional RBT,
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which focuses on the impact of resource stock on competitive
advantage from a static perspective. Later, scholars such as Sirmon
et al. (2011) put forward the resource orchestration theory by
integrating the concepts of “resource management” and “asset
orchestration” into the dynamic capability framework. This theory
aims to open the “black box” of the process of resource influence on
performance. It believes that the effective combination of resources,
capabilities, and managerial behavior is an important way to enhance
the creativity of enterprises. The theoretical logic of “resource-
capability-performance” in these three stages provides a theoretical
basis for this study to explore the mechanisms by which DTA
empowers specialty agricultural farmers.

In the logical chain of “resource-capability-performance,” the
empowerment theory explores the specific mechanism of resource
empowerment based on a process perspective, which can explain the
process mechanism of transforming resources into performance.
Originating in psychology, empowerment theory has expanded to
become a fundamental framework in sociology and organizational
management. Definitions of empowerment abound (Rappaport, 1987;
Thomas and Velthouse, 1990; Perkins and Zimmerman, 1995;
Peterson et al., 2005; Llorente-Alonso et al., 2024). A common
definition is that the empowering subject gives the empowered person
some kind of power or ability (Thomas and Velthouse, 1990) to gain
greater control or self-efficacy (Peterson et al., 2005; Santos et al.,
2019). Consequently, the core focus of empowerment research is on
identifying capabilities (Perkins and Zimmerman, 1995). In the digital
economy era, digital technology has profoundly impacted human
production and daily life. It has also become a new path and tool for
empowerment by its advantages of high efficiency, low cost, and ability
to cross the limitations of time and space. The symbiotic fusion of
digital technology with empowerment theory has given rise to the new
concept of “digital technology empowerment,” which has become a
prominent topic in the academic community. Essentially, digital
technology empowerment extends and enriches the empowerment
theory’s core connotation, and its core is still empowerment. Therefore,
digital technology empowerment emphasizes that the empowered
subject obtains new abilities through DTA (Mikinen, 2006).

The nature of DTA empowerment differs based on the context of
its application and the target audience. On the individual level, various
forms of empowerment exist, such as psychological empowerment,
cultural empowerment, production empowerment (Xu Z. et al., 2023),
and transaction empowerment (Zheng and Wu, 2024). Given that
cultural and psychological empowerment typically rely on specific
behaviors, and considering that farmers’ agricultural business
behaviors involve both production decisions and transaction
interactions (Zhu and Luo, 2016), the primary mechanisms of DTA
empowering farmers to increase their incomes are production
empowerment and transaction empowerment. Production
empowerment generally enhances farmers’ capability to work with
“objects,” that is PC, while transaction empowerment improves their
abilities to work with “people,” that is TC. These specific mechanisms
are depicted in Figure 2.

On the one hand, DTA can substantially enhance agricultural
production practices (Karanasios and Slavova, 2019; Schnebelin,
2022). First, DTA assists specialty agricultural farmers in allocating
production factors. Specialty crops tend to produce higher value
outputs on smaller land areas compared to other crops (Astill et al.,
2020), making land issues less significant. While labor issue is the
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FIGURE 2
Theoretical analysis framework.

primary challenge (Rihn et al., 2023). By DTA, farmers can address
labor shortages and improve labor quality. For instance, automated
and intelligent digital technologies can replace simple and repetitive
labor, which can transform traditional production methods that rely
on physical labor, and free up the labor force. Through online learning
platforms, farmers can access open educational resources more
affordably and rapidly, acquire advanced production technologies, and
engage in modernized agricultural production and management.
Second, DTA aids specialty agricultural farmers in managing the
production process. In the production process, satellite remote
sensing, ground sensing, and other Internet of Things technology
enable farmers to monitor specialty crop growth and assess the
production environment data in real-time (Ruiz-Altisent et al., 2010).
In the manufacturing process, automated mechanical digital
technology allows farmers to perform standardized processes such as
refrigeration, packaging, and transport, along with timely warnings of
safety indicators (Zhong et al., 2023). In the distribution process, using
a traceability system, farmers can monitor product flow in real-time,
ensuring that specialty agricultural products maintain high quality
(Tao and Chao, 2024).

Finally, DTA assists specialty agricultural farmers in mitigating
production risks. Specialty agricultural operations encounter various
production risks. DTA helps farmers effectively address these risks.
Implementing smart weather, pest, and disease monitoring systems
allows farmers to scientifically predict the adverse effects of extreme
weather (Zhao and Yue, 2020) and timely adopt preventive measures,
helping farmers make the right decisions in production and
management. Furthermore, the use of digital technologies such as
variable-rate applicators enables farmers to adjust the frequency and
timing of pesticide and chemical fertilizer applications based on
growing thus product
contamination issues (Khanna, 2021). Additionally, adopting digital

conditions, minimizing agricultural
technologies like big data intelligent temperature control systems and
cold chain technology offers precise temperature control and
preservation treatment for specialty agricultural products, thereby
preventing quality deterioration issues such as loss of freshness and
nutrient content (Flores et al., 2019).

Frontiers in Sustainable Food Systems

On the other hand, DTA can assist farmers in entering
differentiated markets (Hidalgo et al., 2023) by expanding social
capital and achieving economies of scale, thereby enhancing farmers’
transaction capacity and boosting their income. Firstly, DTA aids
farmers in expanding their social networks, establishing cooperative
relationships with other trading entities, and increasing their access to
cooperating organizations. Farmers use digital tools such as WeChat
and the Internet to facilitate long-distance, real-time exchanges, and
communications, fostering trust and cooperation with other trading
partners (Ali-Hassan et al., 2015). By leveraging sensor-embedded
digital technologies, farmers can accurately record and report the
production process of specialty agricultural products, and transmit
and store information, which helps cooperative entities capture real-
time quality data about the products, enhancing their trust in the
farmers (Qureshi et al, 2021). This cultivates stable contractual
relationships and a community of interest among farmers and trading
entities. To achieve a win-win situation, other trading entities might
offer unified purchasing of production materials, processing, and
centralized warehousing for farmers (Gramzow et al., 2018). This can
significantly reduce the search and negotiation costs for farmers in
both factor and product markets, enabling them to cross market
thresholds, enhance their transaction capacity, and secure higher-
value distribution. Secondly, DTA has encouraged farmers to scale up
their operations, leveraging economies of scale to enhance their
transaction capacity and promote income growth. When transaction
costs are fixed, increased operational scale lowers the transaction cost
per unit of specialty agricultural products, driving farmers to expand
their cultivation through continuous planting and land transfer.
Digital technology facilitates large-scale operations by allowing
farmers to easily access digital financial services for capital loans,
easing the credit constraints associated with land transfer (Smidt and
Jokonya, 2022). Furthermore, farmers use digital technologies such as
Internet platforms to obtain land transfer information timely (Wang
etal, 2023), aiding them to make land transfer decisions. As the scale
of their operations expands, farmers increasingly tend to invest in
digital technologies that enhance production efficiency (Tamirat et al.,
2018), enabling them to consistently provide high-quality, high-priced
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specialty agricultural products in the market, which bolsters their
market power and increases sales prices.

Based on the discussion of theory and literature, this study draws
on the resource-based theory and empowerment theory, follows the
“resource-capability-performance” theoretical framework, and
establishes the theoretical analysis framework of “DTA-FC-FI” (shown
in Figure 2). Operating within this research framework, we seek to
investigate the production empowerment and transaction
empowerment effects on farmers stemming from the DTA throughout
the entire industrial chain, to realize the enhancement of PC and TC,

and ultimately affect FI. Thus, the following hypothesis is formulated:
HI: The DTA has a positive impact on FIL

H2: Production empowerment and transaction empowerment are
two mechanisms through which DTA empowers specialty
agricultural farmers to raise their income.

3 Methodology
3.1 Data source

China is a country with a vast expanse, and each place has unique
resource conditions, which gave birth to a variety of specialty
agricultural products. Among the many specialty agricultural
products, this paper focuses on the litchi industry, due to litchi’s strong
dependence on geographic and climatic conditions. China’s litchi has
a unique planting history and cultural heritage, with over 2,000 years
of cultivation, making it one of the nation’s most culturally specialty
agricultural products. As the leading global litchi producer, China
accounted for about 65% of the world’s litchi planting area in 2022 (Qi
et al., 2023). However, uneven resource distribution has resulted in
varied development levels of the litchi industry across regions, and in
some areas, litchis may not develop into a specialty agriculture with
comparative advantages. GI agricultural products are defined by
specific qualities, reputations, or other attributes linked to their origin
(Albayram et al, 2014). These products typically possess unique
flavors, textures, or nutritional values rooted in their specific
geographical areas. GI agricultural products reflect a region’s natural
resources, cultural history, and other unique traits, and are a symbol
of high-quality, distinctive agricultural products (Albayram et al.,
2014). Therefore, this paper focuses on litchi growers within GI
agricultural production areas as the primary research subjects. On this
basis, this research involves randomly selecting litchi growers in the
Gl agricultural production areas of Guangdong Province of China for
the survey. The reasons are multifaceted. Firstly, Guangdong Province
is renowned for its development of specialty agriculture, with 194
designated “Guangdong” brand demonstration bases (\Wu and Zhao,
2023). Secondly, the litchi industry is a key specialty industry in
Guangdong. In 2023, the litchi planting area in the province expanded
to 4.1 million mu,* producing a total yield of 1.60 million tons and
supporting over 1.8 million litchi farmers (Xu and Wang, 2023).

4 Muis a Chinese unit. One hectare is equivalent to 15 mu
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Moreover, in 2023, Guangdong Province’s fresh litchi exports ranked
first in the country and constituted 62.90% of the national market
share.’ Thirdly, the litchi industry in Guangdong Province has a high
degree of DTA. As litchi is a perennial specialty crop, lending itself
well to digital technologies such as drones and sensors. Guangdong
Province has thus far developed several digital platforms, including
the China (Guangdong) Litchi Industry Big Data Center and the
Conghua Litchi Open Big Data Platform. Consequently, the subject of
our research is both exemplary and representative.

To ensure the representativeness and accuracy of our sample,
we employed a combination of stratified random sampling. Initially,
we selected two counties or districts with GI agricultural products
from each of the Pearl River Delta, Eastern Guangdong, and Western
Guangdong, considering regional differences and economic
development levels. Subsequently, we randomly selected 1-2 towns
from each sample county or district. Following this, four sample
villages were randomly chosen from each sample town, resulting in a
total of 44 sample villages. Finally, trained master’s and doctoral
students, serving as investigators and assisted by local agricultural
management officials and village cadres, randomly selected 12-20
litchi farmers in each sample village for one-on-one questionnaire
surveys, leading to a total of 655 sample households. Additionally, to
ensure the validity of the farmer questionnaires, we also designed a
village-level questionnaire for village cadres and selected one village
or township cadre from each sample village to complete it.

The questionnaire aimed to collect essential data for the study,
including detailed information on individual farmer characteristics,
family traits, specialty agricultural businesses, and DTA. This survey
mainly targeted the head of the household or principal family member
to ensure a thorough understanding of the farmers’ family businesses.
Furthermore, village-level questionnaires covered information on
village characteristics, agricultural resources, and village-specific
agricultural business. After the questionnaire interviews, we carefully
collated and checked the collected raw data, obtaining 655 original
questionnaires. After excluding those farmer questionnaires with
missing or anomalous data, we obtained 635 valid questionnaires,
yielding a validity rate of 96.95%. The village questionnaires achieved
a validity rate of 100%.

3.2 Variable description

3.2.1 Dependent variable

Drawing on Cha et al. (2024), the dependent variable in this study
is the income of litchi farmers, represented by the household profits
from lychee cultivation alone, calculated as total revenue minus total
costs, with a logarithmic transformation applied for empirical analysis.

3.2.2 Independent variable

The independent variable in this study is the extent of DTA by
litchi farmers. DTA is embedded in every facet of specialty agriculture,
spanning the entire industry chain. We synthesized the research of
Peng et al. (2022) and Abdulai et al. (2023) to capture farmers’ DTA

5 Data source: The General Administration of Customs of the People's

Republic of China.
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across seven dimensions: digital procurement, digital production,
digital processing, digital sales, digital information access, digital
training participation, and digital financial use. Digital procurement
is assessed by asking farmers if they use digital technologies such as
WeChat and e-commerce platforms for agricultural procurement.
Digital production is assessed by asking farmers if they use digital
technologies such as automatic weeders, sprayers, systems for water
and fertilizer integration, remote connections, intelligent monitoring,
etc., in their processes for weeding, dosing, irrigation, pest control,
monitoring, etc. Digital processing is determined by asking farmers if
they implement digital technologies such as automatic sorting
machines, smart cold storage units, automatic drying machines, etc.,
in their sorting, storage, drying, or other processing procedures.
Digital marketing is measured by asking farmers if they employ digital
technologies such as the Internet, WeChat, live sales platforms,
product traceability codes, and smart cold chain logistics in their sales,
product traceability, cold chain transportation, and other sales-related
processes. Access to digital information is evaluated by asking farmers
if they use digital technologies like WeChat, Tik Tok, the Internet, cell
phone apps, etc., to access policy information, technical data,
agricultural information, weather updates, market data, loan
information, and insurance details related to their specialty
agricultural business. Participation in digital training is assessed by
asking farmers if they utilize digital technologies such as WeChat, Tik
Tok, the Internet, cell phone apps, etc., to engage in training on
agricultural policies and regulations, production skills, processing
techniques, e-commerce operations, live broadcasting of goods, and
the use of network information technology, as well as rural civilization
or farming culture related to their specialty agricultural business.
Digital financial use is measured by asking farmers if they use digital
technologies such as WeChat, Alipay, mobile banking, online banking,
etc., to perform payment transactions, purchase insurance for
specialty agricultural products, and access Internet credit. All of the
above questions are assigned a value of 1 if farmers answer “do,”
otherwise it is 0.

Field research data reveal that 379 farm households utilize digital
technology in the procurement process, representing 59.69%; 540
farm households employ digital technology in the production process,
constituting 85.04%; 63 farm households apply digital technology in
the processing process, accounting for 9.92%; 343 farm households
leverage digital technology in the sales process, making up 54.02%;
557 farm households use digital technology for information access,
corresponding to 87.72%; 543 farm households engage digital
technology in training, equating to 85.51%; and 529 farm households
incorporate digital technology in the financial process, comprising
83.31%. Focusing merely on whether farmers use digital technology
does not adequately address the real issue. Hence, we employed
entropy weighting to quantify the extent of DTA by farmers across the
seven identified categories.

3.2.3 Mechanism variable

To delve deeper into the pathways through which DTA affects
litchi farmers’ income, we conducted a mechanism analysis. In line
with our research hypothesis, we selected farmers’ capacity as the
mechanism variable, encompassing PC and TC. PC was broken down
into three sub-variables: production factor allocation capacity,
production process management capacity, and production risk
resistance capacity. Drawing from the work of Wassie et al. (2023),
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Liang and Jiao (2022), and Li et al. (2020), and considering the
practical context of specialty agriculture, we developed a 12-item five-
level Likert scale to measure these factors. The production factor
allocation capacity was gauged by three items related to resource
allocation and utilization; the production process management
capacity was measured by five items associated with variety selection,
field management, and post-harvest processing; and the production
risk resistance capacity was evaluated through four items designed to
measure resilience to specific production risks. TC was assessed in two
areas: factor market transaction capacity and product market
transaction capacity. Based on the research by Wassie et al. (2023),
Dias et al. (2021), and Ansah et al. (2020), we designed a 9-item five-
point Likert scale, focusing on relational governance involving
farmers’ access to factor market resources, selling products in the
product market, and the relational governance in product sales.
We used SPSS 22.0 software to conduct exploratory factor analysis on
these indexes and constructs PC and TC indexes,® which are used as
measures of PC and TC, respectively.

3.2.4 Control variable

Referring to the existing literature (Zhou and Shen, 2022; Cheng
et al,, 2016), We introduced the following four types of control
variables to avoid model estimation bias caused by missing variables.
Firstly, individual characteristic variables, including age, gender, years
of education, health status, years of experience in specialty agriculture,
and the frequency of training participation by the head of household.
Secondly, household characteristic variables, cooperative membership,
land area dedicated to specialty agriculture, labor force involved in
specialty agriculture, total inputs in specialty agriculture, and social
networks. Village characteristics variables, including topography,
transportation infrastructure, village income, clan relations, and the
presence of private courier services and 5G networks. Moreover, in the
context of specialty agriculture, we also consider variables related to
regional specialty agricultural resources, measured by the unique
natural and sociocultural resources available in the village. Natural
resources are assessed based on whether the village possesses national
geographic indications, or possesses the “one village, one product” or
“one town” model. Sociocultural resources are evaluated based on
whether the village is recognized as a Chinese traditional village, an
ancient village, a location of significant agricultural cultural heritage
in China, or a site of national intangible cultural heritage in the county.
The final value indicating the level of specialty agricultural resources
is calculated using entropy weighting of these six indices. Variable
definitions and descriptive statistics are summarized in Table 1.

6 The scales measuring PC and TC successfully passed reliability and validity
tests. Specifically, Cronbach'’s alpha coefficients for the measurement items
of both PC and TC were 0.851 and 0.841 respectively, well above the acceptable
threshold of 0.6. Additionally, the alpha coefficients for each individual
measurement item were greater than 0.7, indicating high reliability in the
measurement variables. Factor analysis confirmed that the overall KMO values
for PC and TC were 0.830 and 0.839, respectively. The probability values for
Bartlett's test of sphericity were 0.000, showing excellent correlation and validity

among the scale items.
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TABLE 1 Variable definition and descriptive statistics.

VELELJES Definition Mean SD
Household profits from lychee cultivation per mu (ten thousand
Dependent variable Specialty agricultural farmers’ income 7.860 0.991
yuan, logarithmic)
Independent variable Level of DTA Indices are calculated using the entropy weight method 0.679 0.232
PC 0 0.607
Mechanism variables Indices constructed using exploratory factors
TC 0 0.712
Gender 0=female, 1 =male 0.841 0.366
Age Age of respondents (years) 56.378 11.261
Age squared Age squared divided by 100 33.051 12.248
Education level Education years of respondents (years) 9.380 2.789
Health status 5=very good, 4 =better, 3 = general, 2=worse, 1 =very bad 4.031 0.753
Operating years Years engaged in specialty agriculture (years) 27.849 12.881
Training Number of trainings related to specialty agriculture (times) 1.342 1.983
Cooperatives membership 1=yes,0=no 0.276 0.447
The current operating land area of specialty agricultural operations
Land area 25.029 48.953
(mu)
Number of household labor inputting to specialty agricultural
Input labor 2.162 1.097
operations (people)
Control variables Input costs cost of specialty agricultural operations (ten thousand yuan) 4.175 20.042
Expenditure on favors and gifts during the year (ten thousand
Social network 0.602 1.115
yuan)
Topographic condition Main terrain of the village: mountains =1, hills =2, plains=3 1.756 0.558
Main road surfaces in the village: dirt =1, gravel =2, concrete =3,
Transportation conditions 3.014 0.330
asphalt =4
Unified income from village and group operations (ten thousand
Village operating income 26.507 84.829
yuan)
Percentage of the total population with the first family name of the
Clan relation 0.644 0.254
village
Private courier Number of private courier outlets owned by villages 1.731 1.954
5G level Whether 5G network is available: no=0, yes=1 0.986 0.118
Specialty agricultural resources Indices calculated using the entropy weight method 0.496 0.185

Mu is a Chinese unit. One hectare is equivalent to 15 mu. Yuan is a Chinese currency; 1 yuan is equivalent to USD 0.14 in 2024.
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3.3 Econometric model

3.3.1 Baseline model
To explore the relationship between DTA and FI, we referenced
Cha et al. (2024), using the OLS to estimate the following model:

Lnlncome; = 0¢ + 01Digital; + 0,Control; + &;

(1)

In Equation 1, Lnlncome; is the dependent variable, which
represents the logarithm of the income level of farmers involved in
specialty agricultural operations. Digital; is the core independent
variable, indicating the level of DTA by these farmers. Control; is the
control variable. 9, is a constant term; 9, and 0, are the regression
coefficients of each variable respectively; & is a random
disturbance term.

3.3.2 Mechanism analysis model

The primary aim of this paper is to examine the impact of DTA
on FI and to explore the underlying mechanisms of PC and
TC. Consequently, we need to establish a mediation model in
which DTA influences farmers’ PC and TC, which in turn affects
FI. This study referenced Cha et al. (2024) to develop the
following model.

Capacity; = po + piDigital; + prControl; + 1 2)

In Equation 2, Capacity; represents a mechanism variable
encompassing PC and TC. The meanings of other variables are the
same as those of Equation 1. Given that the dependent variables in
Equation 2 are continuous, the OLS model was chosen for
empirical analysis.

4 Results and discussion
4.1 Baseline results

Table 2 shows the baseline regression results of the impact of DTA
on litchi farmers’ income after progressively introducing control
variables. The results from Models (1) and (2) indicate a significant
positive impact of DTA on litchi farmers’ income at the 1% significance
level. This suggests that DTA substantially increases litchi farmers’
income, thereby confirming research hypothesis 1. Moreover, the
regression results show that DTA can increase the per FI by 0.603 in
general. Our results extend the current literature on the effect of DTA

TABLE 2 Regression results of DTA on specialty agricultural farmers’ income.

10.3389/fsufs.2024.1444192

on FI. There is a growing body of literature focusing on the effects of
DTA on FI, but the findings are frequently inconsistent. Some
researchers highlight the positive impacts of DTA on FI (Karanasios
and Slavova, 2019; Schnebelin, 2022; Zheng and Ma, 2023), whereas
others have expressed concerns (Wyche and Steinfield, 20165
Scheerder et al., 2017). We suggest that the primary reason for such
discrepancies is that researchers typically focus on specific DTA
behaviors, inevitably resulting in varied outcomes. This paper provides
a systematic analysis of the effects of farmers’ DTA across the entire
industry chain of specialty agriculture on their incomes and concludes
that the positive effect of DTA on FI. This is a response to the previous
divergent findings. This finding suggests that DTA covering the entire
process of specialty agricultural production and operations, can
improve the PC and TC of specialty agricultural farmers, which in
turn leads to income growth.

4.2 Endogeneity discussion

There might be endogeneity concerns between DTA and litchi
farmers’ income. Firstly, despite our efforts to control for factors
influencing FI, it is challenging to account for all variables,
resulting in potential endogeneity problems due to omitted
variables. Additionally, the model may face reverse causality, where
farmers with higher incomes might have greater access to DTA,
thereby increasing their DTA levels, which could skew the findings.
To mitigate endogeneity issues, the instrumental variable (IV)
approach is a commonly used method. Based on relevant research
(Qiu et al., 2024), this study used the average DTA level of other
farmers in the village except the respondent as an instrumental
variable. Due to the herd effect, the DTA of other farmers in the
village will affect whether the respondent uses DTA or not.
However, they will not directly affect the respondent’s income.
Therefore, the average DTA level of other farmers in the village
satisfies the correlation and exclusion constraints required by the
instrumental variables. The first-stage regression results, presented
in Table 3, reveal that the regression coefficients for the
instrumental variables are significantly positive at the 1% level,
indicating a substantial positive correlation between the
instrumental variable and the respondent’s DTA. Additionally, the
F-statistic for the first-stage regression is 20.28, which exceeds the
conventional threshold of 10, suggesting no weak instrument issue.
The first-stage regression results reveal that the higher the average
DTA level of other farmers, the higher the digital technology use
by the respondent. Specifically, a 1% increase in the average DTA

Variables FI FlI
1.176%%* 0.603%#**
Level of DTA
(0.163) (0.194)
Controlled variable No Yes
7.062%%% 7.719%%%
_cons
(0.117) (0.902)
N 635 635

#p<0.1, #¥p <0.05, ¥*¥p <0.01; the standard errors are in parentheses.
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TABLE 3 Regression results of endogenous analysis.

10.3389/fsufs.2024.1444192

Variables Two-stage least squares (2SLS)
Phase | Phase I
0.308%##*
Average DTA level of other farmers
(0.092)
5.307%#%*
Level of DTA
(1.993)
Controlled variable Yes Yes
—-0.224 8.062%#%*
_cons
(0.191) (1.250)
F-value 20.28
N 635 635

TABLE 4 Regression results of Robustness test.

Variables Change dependent Change independent Reduce sample Shrink the values of
variable variable continuous variables
0.594°% 5 00887 0.442% 0.533%#
Level of DTA
(0.159) (0.028) (0.242) (0.186)
Controlled variable Yes Yes Yes Yes
8.446% 7.716%5 8.363%5% 742975
_cons
(0.741) (0.902) (1.244) (0.859)
N 635 635 502 635

level of other farmers is associated with 0.308% increase in the
respondent’s DTA. The second-stage regression results indicate
that farmers’ DTA has a significantly positive effect on the specialty
agricultural farmers’ income. After controlling for other factors,
the DTA can increase the per FI by 5.3071 in general. These
findings suggest that controlling for potential endogeneity using
instrumental variables does not negate the significant impact of
DTA on the specialty agricultural farmers’ income. This
underscores the robustness of the previous regression results and
confirms research hypothesis H1.

4.3 Robustness test

To ensure the reliability of the above analysis results, we conducted
robustness tests by changing the measurement method of the core
dependent variable. Specifically, based on the research of Liu (2022),
we replaced the dependent variable with “average return per mu of
specialty agricultural farmers” for a new regression analysis. As
indicated in column 2 of Table 4, the coefficient of the core dependent
variable remains significantly positive.

Secondly, we conducted a robustness check by altering the
independent variable. Following the study of Mao et al. (2023),
we employed the weighting method to measure farmers’ DTA. The
result in column 3 of Table 4 shows that the coefficient of DTA is
significantly positive, reinforcing the robustness of the findings.

Thirdly, we excluded part of the sample for regression. To further
eliminate the influence of age, We draw on the research of Xu and
Wang (2022) and excluded farm households over 65years old from
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the sample. The results in column 4 of Table 4 affirm that even with
this exclusion, DTA still significantly enhances specialty agricultural
farmers’ income.

Furthermore, to address potential outliers in continuous variables,
we followed Xu J. et al. (2023) and shrank the values of continuous
variables in the sample by 1%. As observed in column 5 of Table 4, the
coefficient of DTA on specialty agricultural farmers’ income is
significant at the 1% level, further affirming that the benchmark
regression results are robust and valid.

4.4 Influence mechanism analysis

The theoretical analysis provided in this study reveals that DTA
can boost specialty agricultural farmers” income through production
empowerment and transaction empowerment. Therefore,
we identified PC and TC as mechanism variables to further verify this
research hypothesis. Drawing on the work of Cha et al. (2024), the
focus of this section is on the causal connections between DTA and
these mechanism variables (PC and TC). The results in Table 5 show
that the regression coeflicients of DTA on PC or TC are both
significantly positive at the 1% level, signifying that DTA can indeed
enhance PC and TC. Therefore, hypothesis H2 is confirmed. By
comparing the regression coeflicients, we observe that the mediating
effect of TC is stronger than that of PC. This result is in line with the
operational demands of Chinese farmers. As stated by Chen (2019),
most Chinese farmers have adapted well to agricultural production
conditions, demonstrating strong resilience and vitality. Specialty

agricultural farmers are no exception. Relying on traditional
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TABLE 5 Regression results of influence mechanism analysis.

Variables PC TC
0.359%#* 1.219%%*
Level of DTA
(0.123) (0.122)
Controlled variable Yes Yes
—1.8237%** —1.367%*
_cons
(0.574) (0.569)
N 635 635

TABLE 6 Regression results of heterogeneity analysis of farm households.

Variables Number of contacts Number of laborers
High Low High Low
Level of DTA 0.750 061345 0.382 08714 0.237 0.6497%
(0.617) (0.206) (0.284) (0.262) (0.160) (0.194)
Controlled variable Yes Yes Yes Yes Yes Yes
5,44 6.043%55 9,102 6.976%# 9,53 6.891%%
- (2.002) (1.225) (1.421) (1.193) (0.794) (0.945)
N 159 476 254 381 228 407

production experience, these farmers can maintain the basic
agricultural product production. However, a significant constraint for
specialty agricultural farmers is their lack of trading capacity. One
issue is the farmers’ limited ability to connect to the market (Ma et al.,
2024). In reality, poor sales of specialty agricultural products are
occasionally observed, and even some GI agricultural products
encounter sales difficulties (Wan, 2022). Furthermore, many specialty
agricultural farmers lack adequate negotiation skills, making it
challenging for them to engage in high-value industrial chain activities
that offer higher added value (Wang et al., 2021). Consequently, the
need for TC enhancement among specialty agricultural farmers is
more urgent than that for PC enhancement. Farmers are thus more
willing to adopt digital technologies that can bolster their TC. This, to
some extent, results in a more significant marginal effect of DTA on
TC compared to PC.

4.5 Heterogeneity analysis

4.5.1 Heterogeneity analysis of farm households
Although the previous analysis has demonstrated that DTA can
help litchi farmers increase their income, this conclusion only applies
to the average effect on the overall litchi farmer population. Due to the
different characteristics of farmers, it is necessary to further explore
the heterogeneity of the impact of DTA on increasing litchi farmers’
income. We draw on the studies of Wang and Zhao (2023), Mao et al.
(2023), and Zhang et al. (2023), grouped the estimation based on
farmers’ income, social network, and the number of family-specific
agricultural input labor, using the mean value of each variable as the
grouping threshold. Table 6 reports the regression results for these
three farm household types. The findings indicate that DTA has a
universal and inclusive nature, and its empowering and income-
generating effect is more pronounced for disadvantaged farm
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households with low social capital, fewer laborers, and lower income
levels. For disadvantaged farmers, DTA can alleviate the problems of
low production efficiency and marketing difficulties due to their lack
of PC and TC, making it easier for them to obtain and distribute
production factors, as well as smoothly connect to factor and product
markets. This allows them to expand their land scale and sales
channels, thereby realizing income enhancement. In contrast, the
advantaged farmers have multiple paths to improve their incomes and
do not rely solely on DTA. Moreover, the stock of DTA is higher
among the advantaged farmers, and the marginal effect of incremental
DTA on their income improvement is already diminished, the
income-boosting effect of DTA is more significant for the
disadvantaged farmers. The findings of this study indicate that DTA
does not significantly impact the FI of the advantaged farmers, which
is quite different from the findings of Lajoie-O'Malley et al. (2020) and
Qi et al. (2022), who argued that large-scale farmers, due to their
substantial capital, are more adept at adopting digital technology in
comparison to small-scale farmers. The possible reason for the
divergence in findings could be that previous studies have not
accounted for the varying levels of dependency on digital technologies
among different farmers. Smaller farmers, possessing weaker PC and
TC, are more dependent on digital technologies that enhance these
capacities. Along with increased government efforts to bolster digital
technology infrastructure and the rise of organizations offering digital
agricultural socialization services, disadvantaged farmers now have
better access to digital technologies. As a result, digital technologies
are increasingly playing a crucial role in boosting the incomes of these
disadvantaged farmers.

4.5.2 Heterogeneity analysis of region

There is significant variation in specialty agricultural resource
endowment in China, resulting in different development levels of
specialty agriculture across regions. This variation creates different
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TABLE 7 Regression results of heterogeneity analysis of region.

Variables

agricultural resources

Areas relatively rich in specialty

10.3389/fsufs.2024.1444192

Areas relatively scarce in specialty
agriculture resources

0.7206%** 0.4229
Level of DTA
(0.2528) (0.3167)
Controlled variable Yes Yes
8.3428%#** 7.4135%%%
_cons
(1.0733) (1.6102)
N 366 269

application scenarios for digital technology, which may lead to
regional variability in its empowering effects. Accordingly, we divided
the sample into two regional groups: areas abundant in specialty
agricultural resources and areas relatively deficient, based on the
average value of these resources within the research sample. The
regression results in Table 7 demonstrate that DTA has heterogeneous
effects on different specialty agricultural resource areas. The DTA
significantly empowers farmers to increase income in areas relatively
rich in specialty agricultural resources, but it does not empower
farmers to increase income in areas with poor specialty agricultural
resources. This finding supports the resource evangelization theory
(Yanikkaya and Turan, 2018; Zhang et al., 2023), which suggests that
regions endowed with specialty agricultural resources can better
utilize their resource advantages in the digital economy era. The
possible explanations for this are twofold: Firstly, areas with rich
agricultural resources typically receive more extensive policy and
resource support, which can attract more industrial and commercial
capital. These industrial and commercial capitals often bring digital
technology to rural areas, leveraging the technology diffusion effect,
which helps facilitate local digital infrastructure improvement and
enhance digital literacy among farmers, thereby enhancing the effect
of DTA on farmers’ income. In contrast, regions with scarce resources
often have inadequate digital infrastructure, hindering the
empowerment effects of DTA. Secondly, the development of specialty
agriculture in resource-scarce regions tends to lag, and the returns
from specialty agricultural businesses are lower, prompting more
farmers to seek off-farm employment. Consequently, even when
farmers in these areas use digital technology, it is often for accessing
external employment information rather than enhancing specialty
agricultural production and management, resulting in minimal
impact on the specialty agricultural farmers’” income.

5 Conclusions and implications

This study utilizes the resource-based theory and empowerment
theory and follows the “resource-capability-performance” theoretical
framework to examine the effect of DTA on FI, particularly focusing
on specialty agricultural farmers. The findings of this study indicate:
(1) The DTA increases specialty agricultural farmers’ income. (2) The
DTA increases specialty agricultural farmers’ income mainly through
enhancements in PC and TC. (3) The impact of DTA on FI exhibits
varying intensities across different regions and farmers. On the whole,
the hypotheses put forth in this study are validated.

This study makes important theoretical contributions. First, this
study utilizes the resource-based theory and empowerment theory to
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explore the role of DTA in empowering specialty agricultural farmers,
and effectively expanding the research boundaries of the
empowerment theory. Previous studies have extensively explored the
empowering effects of DTA on corporate employees, consumers, etc.
However, prior research has paid little attention to the empowering
effect of DTA on farmers. In other words, DTA empowering farmers
is a neglected field. This study explains the path of DTA empowering
farmers based on “resource-capability-performance” and builds an
action strategy to empower farmers. Second, this study analyzes the
internal mechanisms through which DTA promotes FI, thereby
opening the “black box” of their relationship. This study explicates the
pathway of DTA empowering farmers within the “resource-capability-
performance” framework, formulates an action strategy for farmer
empowerment, and reveals the process mechanism of DTA promoting
FI. Last, this paper’s methods of measuring DTA behavior and FC
advance the current research knowledge system and lay a solid
foundation for the digital technology empowerment theory. Unlike
previous literature that typically defines DTA on a single dimension,
this paper conceptualizes DTA by considering activities along the
entire agricultural industry chain, which is of great theoretical
significance in revealing the connotation of different types of farmers’
DTA behaviors. Moreover, this paper refines the concept of FC by
focusing on PC and TC, and identifies the intrinsic dimensions of each
of the two different capabilities. This helps to improve the
understanding of the FC, and makes an important theoretical
contribution to the ongoing research on farmer empowerment.

Our findings offer valuable insights for governments seeking to
guide farmers in the effective use of digital technologies to empower
themselves and achieve higher incomes. First, this study confirms that
DTA can enhance FI, which confirms the beneficial impact of DTA on
farmers’ economic performance. Therefore, the government should
strengthen investments in digital technology infrastructure, and at the
same time intensify efforts to publicize and educate farmers about
DTA, to make farmers understand the benefits of DTA. Second, this
study indicates that DTA promotes FI by enhancing FC. This implies
that governments should prioritize boosting FC. Therefore,
governments should support the development of more digital
technologies that apply to agricultural operations, and guide farmers
to use digital technology in agricultural production and transactions,
especially in the transaction process, to improve their PC and
TC. Finally, this study confirms the differences in digital technology
empowerment among different farmers and regions. Therefore, in
promoting digital agriculture, the government should fully account
for regional differences in specialty agricultural resources, and
encourage relevant parties to use digital technology to explore and
develop these resources. Moreover, the government should improve
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the relevance and precision of digital skills training for different
farmers to enhance their ability to effectively use digital technology.

Three issues need further exploration in future research. First, the
impact of different DTA patterns on farmers may not always
be consistent, so in the future, there is a need to distinguish different
DTA patterns when discussing their impacts on the various capacities
of farmers, to understand the effectiveness of DTA empowerment
comprehensively. Second, the cross-sectional data employed in this
study is limited in its ability to identify causal effects. The effects of
DTA may manifest with a delay and are not instantly observable. This
study uses data from only 1 year, potentially hindering the revelation
of the dynamic changes in the empowering capacity of DTA. Future
research should conduct a more thorough empirical investigation
using longitudinal tracking data. Last, this study did not deeply
examine the impact of personal traits (e.g., self-efficacy, digital literacy,
etc.), and situational variables (e.g., environmental dynamics, peer
effects, etc.) on the process of digital technology empowerment for
farmers. Future studies could explore deeper into the mechanisms of
digital technology empowerment for farmers by considering these
personal and situational factors.
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