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Abstract: With the rapid evolution of the rural digital economy, analyzing the impact of digital literacy
level on farm households” formal borrowing is crucial for easing credit constraints and fostering
rural economic growth. Leveraging the data from the 2020 China Family Panel Studies (CFPSs) and
applying binary probit models and the Karlson-Holm-Breen (KHB) method, this study delineates the
positive correlation between the digital literacy level and increased formal borrowing among farm
households. The findings, which were robust against endogeneity and robustness tests, underscore
the role of digital literacy level in augmenting farmers’ earnings and social networks, with a notably
stronger mediation by earnings. The effects are particularly significant for middle-aged and older,
less educated males in the central and western regions, in contrast with younger, highly educated
females in the east. This research advocates for enhancing rural digital infrastructure and education,
alongside financial system reforms, to advance rural financial development and support sustainable

rural revitalization.

Keywords: digital literacy; formal credit constraints; formal borrowing behavior; earnings; social
network; probit model; KHB model

1. Introduction

Credit constraints reveal significant implications for sustainable agricultural develop-
ment in less developed regions [1,2]. The increasing marketization of rural areas escalates
the demand for financial resources among smallholder farmers, exacerbating existing credit
constraints [3]. These constraints are primarily fueled by information asymmetries, limited
credit offerings, and inadequate collateral within the rural credit market [4]. Consequently,
farm households face considerable challenges in securing affordable financing, which un-
derscores the pressing need for enhanced financial support mechanisms to mitigate these
constraints and foster optimal borrowing and lending behaviors [5]. Such interventions are
pivotal not only for boosting farmers” income but also for improving overall welfare [6-9].

In these developing settings, credit constraints for agricultural households predom-
inantly manifest through formal credit constraints. In China, 45.2% of rural households
still face serious formal credit constraints, and the credit needs of rural households are still
not effectively met [10]. Due to unstable earnings and lack of collateral [2], farmers also
face practical challenges such as information asymmetry, incomplete credit markets, and
high transaction costs [1], making it difficult for them to obtain credit support from formal
financial institutions and thus causing them to face serious credit constraints. Compared
with informal credit, formal credit has a more significant impact on agricultural income
and farmer welfare [11,12]. Empirical evidence suggests that factors such as individual
characteristics, household financial status [4], financial literacy [13], and social capital [14]
significantly influence formal borrowing behaviors among these households. These con-
straints can be alleviated by optimizing agricultural credit policies [15], developing formal
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rural credit markets [11], and promoting education [4], thereby promoting agricultural
production and the sustainable development of rural households [1].

The swift advancement of digital technology has catalyzed a digital revolution, signifi-
cantly permeating every facet of China’s economic and societal structures [16,17], providing
new ideas and solutions for further alleviating formal credit constraints and promoting
formal borrowing behavior among rural households. With robust support from the national
government, the enhancement of the rural Internet infrastructure has been remarkable.
Over the past decade, Internet penetration in China’s rural regions surged from 29% to
67%, with the number of Internet users in agricultural areas escalating from 178 million
to 326 million (Figure 1) (Data source: The 35th to 53rd Statistical Reports on Internet
Development in China, published by the China Internet Network Information Centre;
available at https:/ /www.cnnic.net.cn/). Data sourced from the China Internet Network
Information Centre confirms this expansion. Concurrently, the academic discourse has
evolved to consider how Internet usage influences farmers’ formal borrowing behaviors.
This evolution suggests that enhanced Internet access can mitigate credit constraints by
improving information transparency [18], reducing transaction costs [19], and diminishing
credit risks, thereby positively impacting farmers’ formal borrowing activities [4]. However,
the influence of digital technology extends beyond mere Internet usage; it necessitates a
comprehensive examination through the lens of digital literacy.
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Figure 1. Trends in the number of Internet users and Internet penetration rate in rural China from
2014 to 2023.

Since 2013, research on digital literacy levels has gained traction [20]. The prevailing
academic consensus, influenced by Eshet-Alkalai, posits that digital literacy encompasses
many skills—intellectual, motor, social, and affective [21]. This multifaceted literacy in-
cludes competencies such as image literacy, re-creative literacy, pathway literacy, informa-
tional literacy, and social-emotional literacy [22]. It can be segmented into accessibility and
extent of technology use, along with competencies in usage and transformation [23], mea-
sured across various domains, including learning, work, recreation, socializing, and digital
financial management [24-26]. Although numerous studies have explored digital literacy’s
effects on sectors like education [27], sustainable production and consumption [28,29],
healthcare [30], and political participation [31,32], the correlation between digital liter-
acy and formal borrowing behaviors among farmers remains underexplored. This gap in
research underscores a critical area for further inquiry: it examines how digital literacy
influences the formal borrowing behaviors of farm households. The exploration of this
relationship could provide vital insights into harnessing digital tools for enhancing financial
access and economic empowerment in rural communities.

On this basis, this study employs the binary probit model and KHB method to empiri-
cally assess how digital literacy level affects the formal borrowing and lending behaviors
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of farm households, as well as the pathways through which this influence manifests. This
study makes several distinct contributions to the existing body of research. First, it provides
a more comprehensive examination of how the digital literacy level influences farmers’
formal borrowing behavior. This not only enriches the antecedents of formal borrowing
behavior but also fills gaps in existing research. Second, it explicitly examines the mecha-
nisms through which the digital literacy level influences the formal borrowing behaviors of
farm households within a specific regional context, thereby deepening our understanding
of the interplay between digital literacy and borrowing behaviors along various trajectories.
This insight is particularly significant as it highlights the critical need for tailored digital
literacy programs that can effectively enhance the financial capabilities and access of these
households, potentially transforming their economic activities and sustainability [1]. Addi-
tionally, these research findings also provide insights and references for other developing
countries facing similar credit constraints, contributing to the sustainable development and
construction of developing countries [33].

The remaining sections of this study are structured as follows: Section 2 provides a
theoretical analysis of the impact of digital literacy on the formal borrowing behavior of
farm households and presents the research hypotheses. Section 3 describes in detail the
data sources, variable selection, and model construction of the study. Section 4 presents
the relevant results of the baseline regression, endogeneity test, robustness test, mediation
effect test, and heterogeneity analysis of this study. Section 5 concludes the paper, pro-
poses relevant strategies, and summarizes the limitations of the study and prospects for
future research.

2. Theoretical Analyses
2.1. Digital Literacy Level and Formal Borrowing Behavior of Farm Households

Digital literacy is the systematic skill and strategy of using technology, cognition, emo-
tion, and other elements in a digital environment, characterized by integration and inter-
disciplinarity [21]. It refers to the capacity of an individual to combine resources with their
subjective initiative using digital technology [34,35]. In 2017, the International Federation
of Library Associations and Institutions (IFLA) issued a statement on digital literacy, which
argued that it involves an individual’s capacity to creatively utilize the potential of digital
tools, including two core components of media and information literacy (more insights
can be found at the following link: https://repository.ifla.org/handle/123456789 /1283,
accessed on 18 August 2017). As a new form of human capital [36], this study defines the
digital literacy level as the ability to analyze, evaluate, and communicate information using
digital technology to solve practical problems, such as improving learning, optimizing
collaboration, enhancing productivity, and performance [33]. The formal lending behavior
of farm households refers to the lending behavior of farm households through formal
financial institutions. Since the supply side of the rural lending market includes both
formal and informal financial institutions [6], the lending behavior of farm households can
be categorized into formal and private lending behavior. While formal financial institutions
refer to those that are subject to general laws and are regulated by specialized banking
regulators [6,37-39], informal finance, also known as private finance and informal finance,
refers to institutions that are subject to general and commercial laws but are not regulated
by specialized banking regulators [6].

An increased digital literacy level acts as a crucial driver for inducing positive financial
behavior [40]. The swift development and universal application of digital technology have
become an important medium for information exchange [41]. On the one hand, digital
technology guarantees the continuous sharing of information, improves the accessibility of
financial information to farmers [18], saves the time and costs associated with information
searches [19], and helps to alleviate credit constraints due to information asymmetry.
Conversely, digital technology saves financial service costs, lowers borrowing and lending
risks, and simplifies the corresponding loan procedures, service procedures, etc. [42], which
helps to alleviate the problem of credit constraints of farmers caused by higher transaction
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costs. It is evident that an increase in digital literacy level can not only alleviate the problem
of information asymmetry between farmers’ borrowers and formal financial institutions but
also reduce the service and transaction costs of both parties when borrowing and lending
behaviors occur, thus positively affecting the formal borrowing and lending behaviors of
farmers. In summary, the following hypothesis is proposed:

H1. Digital literacy level positively and significantly affects farmers’ formal borrowing behavior.

2.2. Digital Literacy Level, Earnings, Social Networks, and Farmers” Formal Borrowing Behavior

An increased digital literacy level can increase operating, wage, and other types of
earnings for farm households; improve their repayment ability; increase their confidence in
borrowing; and thus alleviate formal credit constraints and promote the formal borrowing
behavior of farm households. According to the theory of credit constraints, income level is
crucial for alleviating credit constraints [43]. Employing digital technology can not only
improve farmers’ production efficiency and boost agricultural operating income [44], but
also help farmers identify the new opportunities brought by the digital era, provide farmers
with more job opportunities and more flexible working methods, and drive an increase in
farmers” wage earnings [45]. Additionally, digital technology applications can also increase
the level of other income types for farm households, thus raising their overall income [8].
Income reflects the debt-repayment capacity of farm households. As income rises, farmers’
ability to repay improves, reducing the likelihood of credit constraints [46]. Increased
income also heightens farmers” borrowing confidence, from the subjective confidence to
overcoming the phenomenon of “self-exclusion” of financial behavior, thus increasing the
possibility of formal borrowing behavior of farmers. Therefore, income may significantly
mediate the relationship between digital literacy level and farmers’ formal borrowing
behavior. In summary, the following hypothesis is proposed:

H2. An increased level of digital literacy can promote the formal borrowing behavior of farm
households by increasing their earnings.

An increased digital literacy level among farmers can expand their social scope, con-
solidate and strengthen social connections with kin and peers, enrich social networks, and
promote information exchange, thereby alleviating formal credit constraints and facilitat-
ing farmers’ formal lending behavior. According to social capital theory, the resources
and support that farmers obtain through social networks can promote their behavior and
decisions [47,48], thereby influencing their formal borrowing behavior. As digital tech-
nology proliferates and evolves, the social networks of people living in rural areas have
transcended geographical limitations [49]. More and more farm households are more proac-
tively participating in and creating social networks, so their social networks continue to
expand [50]. On the one hand, rich social networks are conducive to facilitating information
exchange, improving information asymmetry between farm household borrowers and
formal financial institutions [51], easing credit constraints, and positively influencing the
formal borrowing behavior of farm households. Conversely, as a form of social capital,
social networks streamline processes, reduce transaction costs, and lower the cost of regula-
tion through “acquaintanceship” [14], thus facilitating the realization of transactions [52].
For example, farmers with good banking relationships are more responsive to formal lend-
ing behavior [53]. Thus, social networks may act as mediators between the digital literacy
level and formal lending behavior among farm households. In summary, the following
hypothesis is proposed:

H3. An increased level of digital literacy can promote the formal borrowing behavior of farm
households by enriching social networks.
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Based on the above assumptions, an analytical framework is constructed to analyze how
digital literacy levels affect the formal borrowing behavior of rural households (Figure 2).

Earnings

Digital Literacy Level Hl1

Social Network

Figure 2. Analytical framework for the impact of digital literacy level on formal borrowing behavior

Formal Borrowing Behavior
of Rural Households

H3

of farm households.

3. Materials and Methods
3.1. Data Sources

Data for this study were sourced from the 2020 China Family Panel Studies (CFPS),
conducted by Peking University’s China Social Science Survey Centre. (Covering a wide
range of mainland China’s territory, the CFPS extends across 25 provinces, municipali-
ties, and autonomous regions in China. Consisting of 16,000 household samples, it has
the ability to reflect the socioeconomic conditions and household situations prevailing in
most areas of China, thereby possessing a representative character in its survey findings.)
The national survey data of CFPS has information about digital literacy and the formal
borrowing behavior of farmers, which facilitates this paper’s study of how digital literacy
level influences their formal borrowing behaviors. Given the focus of the study on rural
households, samples were chosen based on rural household registrations. Following the
exclusion of samples with either missing observations or extreme values, a total of 6253 valid
samples were acquired.

3.2. Variable Selection
3.2.1. Dependent Variable

The formal borrowing behavior of farmers is the dependent variable in this study,
whether farmers borrow loans through formal channels, which is represented by a binary
dummy variable. Due to the constraints imposed by the CFPS questionnaire, the present
study employs an indirect methodology to identify the formal borrowing behavior of
farmers. Referring to related studies [54—60], the CFPS52020 questionnaire asks “Whether
you took out a loan to buy or renovate a home for purchasing or constructing a home,
do you have any outstanding bank loans” and “In addition to the loan for purchasing or
constructing or renovating a home, does your household have any other outstanding bank
loans” as the measurement indicators. The presence of an outstanding bank loan can be
regarded as an indirect indication of the farmer’s use of formal borrowing channels. If the
farmer responds affirmatively to either of the two aforementioned questions, the dependent
variable receives a value of 1; otherwise, it receives a value of 0.

3.2.2. Primary Explanatory Variables

In this study, the primary explanatory variable is the digital literacy level. Digital tech-
nology was employed to assess the level of digital literacy among farmers in this research,
which was defined as the basis of digital technology use for determining whether farmers
possess the capability to utilize digital devices [24]. Further, the level of digital literacy of
farm households was measured in terms of the extent of utilization of digital technology,
and the variability in the ability of farm households to use digital technology [25]. The basis
of digital technology use includes the extent of utilization of digital technology, the latter
being a secondary indicator of the former. The utilization of mobile devices for Internet
access was assessed in the CFPS2020 questionnaire to gauge farmers’ engagement with
digital technology, which was expressed as “Inuse”. At the same time, considering the
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differences in the ability of farmers to use digital technology [40,45,61], “Instudy” and
“Information” served as the secondary indicators of the basis of digital technology use and
are defined as the extent of utilization of digital technology. This provides a comprehensive
assessment of digital literacy level based on the extent of digital technology utilization.
Instudy is used to measure whether farmers engage in e-learning, while Information is
used to assess the importance of the Internet in farmers” access to information.

3.2.3. Mediator Variables

Based on the theoretical analysis conducted earlier, the level of digital literacy may
influence farmers’ formal borrowing behavior through farmers’ earnings and social net-
works. Based on existing studies [62,63], this study uses earnings and social networks as
mediating variables to explore this mechanism. In the CFPS questionnaire, we use “the
net household income per capita of farmers in the previous year” and “expenditure on
favors and courtesies of farmers in the past 12 months” to measure earnings and social
networks, respectively.

3.2.4. Control Variables

Integrating the characteristics of this study with insights from the related litera-
ture [14,56,60,64-68], the selection of control variables mainly contains three categories:
personal, family, and regional characteristics. Control variables for personal characteristics
encompass age, gender, educational attainment, marital status, and health status. Age
reflects where farmers are in their life cycle, impacting their economic activities and risk tol-
erance. Gender influences how farmers access resources. Education level indicates farmers’
knowledge and skills, affecting their understanding. Marital status may affect technol-
ogy adoption, showing family responsibilities and financial pressures. Control variables
related to household characteristics consist of household size and the aggregate value of
consumer durables, whether the land is rented out, whether the household members own
individually titled houses, and whether they work in agricultural production. The number
of family members indicates the household’s size and demographic makeup, impacting its
financial dynamics. The worth of durable goods reflects the household’s financial standing
and lifestyle, affecting its borrowing capacity, while decisions regarding land leasing and
agricultural involvement relate to the household’s primary economic activities and income
sources, crucially influencing its economic stability. Regional characteristics are the area
where the farm household is located. The regional variable was chosen to consider the
differing economic development levels across regions and how they might affect farm
households’ informal borrowing behavior.

3.2.5. Descriptive Statistical Analysis

Table 1 shows the definitions of the variables and the results of descriptive statistics.
The variables Y, Inuse, Instudy, gender, marriage, house, land, agric, and region are en-
coded using 0 and 1, where 1 denotes the presence of a category and 0 indicates its absence.
However, computing the average and deviation of binary variables is statistically erro-
neous. This arises because the values of these variables themselves indicate the existence or
non-existence of categories, rendering their averages and deviations devoid of practical
significance. Therefore, the study refrained from computing the mean and standard devia-
tion of the nine aforementioned binary variables. The remaining data show that the age
distribution of rural households is predominantly centered around the 30-50 age bracket,
probably because farmers in this age group are more inclined to borrow through formal
channels. The mean years of education for interviewees is only 9.24, reflecting the generally
limited educational attainment in rural regions, which may be an important factor affecting
the improvement of the digital literacy level of farm households.
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Table 1. Variable definition and descriptive statistical analysis findings.

Variable Type Variable Name Variable Definition Mean Star?da}rd
Deviation
Dependent Y Whether to borrow through formal channels
Variable (Yes=1,No=0)
The utilization of mobile devices for Internet access
Inuse Not Not
(Yes=1,No =0)
. Instud Whether to use spare time to study online
Primary y (Yes = 1, No = 0)
Explanatory
Variables The significance of the Internet as a channel for
Information 1nf0.rmat10n (Very ummportantc =1, relatively 3474 1.495
unimportant = 2, moderately important = 3,
relatively important = 4, very important = 5)
. The logarithm of per capita household net income
Mediator Earnings over a 12 month period is recorded (RMB) 9:528 0810
Variables . The logarithm of the 12 months favors the
Social Network expenditure of the farmer household (RMB) 7.113 2.363
Age Age of respondents (Age under 30 = 1, 30-50 = 2, 2141 0.759
over 50 = 3)
Gender Gender of respondent (Male = 1, Female = 0) Not Not
. . Maximum years of education of the
Ind1V1d1'1al. Education respondents (Year) 9.236 2.980
Characteristics
Physical health status of respondents (Unfit =1,
Health moderate = 2, well = 3, relatively well = 4, 2.800 1.202
very healthy = 5)
Marriage The respondents’ marital s.tatus (1 = married, Not Not
0 = unmarried)
Family Family size (person) 4.662 2.024
Logarithm of the total value of consumer
Assets durables (RMB) 8.956 2.724
Family House Whether family members own individual property
Characteristics rights in the home (Yes = 1, No = 0)
Land Whether to lease land (Yes = 1, No = 0)
- - . Not Not
Acric Whether engaged in agricultural production or
& business activities (Yes = 1, No = 0)
Regional . The eastern region = 1, the central and western
. Region . _
Characteristics regions = 0

3.3. Model Construction
3.3.1. Benchmark Regression Model

To investigate how digital literacy level affects the formal borrowing behavior of farm-
ers, this paper takes “whether farmers borrow through formal channels” as the dependent
variable and the basis of digital technology use and its secondary indicator of the extent of
utilization of digital technology as an explanatory variable and then introduces age, gender,
education, health, marriage, family, assets, house, land, agricultural, and region as 11 con-
trol variables, to jointly construct the analytical framework and assess how digital literacy
level affects the formal borrowing and lending behaviors of agricultural households.

Prior research has largely utilized binary logit or probit models to analyze farmers’
borrowing behavior [67,69,70]. In this research, the dependent variable of farmers’ formal
borrowing behavior is a dichotomous variable, Y = 1 if farmers take loans through formal
channels, and Y = 0 if farmers do not take loans or if farmers do not take loans through
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formal channels. As a result, we use a binary probit model to explore how the digital literacy
level impact farmers’ formal borrowing behavior. The following equation is applied for
this analysis:

Prob(Y; = 1) = @(op + xInuse + apyControl; + azRegion; + ¢;) )]
Prob(Y; = 1) = @(Bo + B1Instudy + B,Control; + BsRegion, + ¢;) (2)
Prob(Y; = 1) = ¢(y( + v1Information + y,Control; + y3;Region; + ¢;) 3)

Prob(Y; = 1) = @ (8¢ + d1Instudy + &,Information + §3Control; + d4Region, + &;)  (4)

Y; denotes whether the farm household obtains a loan through formal channels; Inuse
represents the basis of digital technology use among agricultural households; Instudy and
Information are secondary indicators of the basis of digital technology use, indicating the
extent of utilization of digital technology among farm households; Control; denotes the
control variable i=1, 2, ..., 11); Region; denotes area fixed effects; and ¢; is a random
disturbance component that measures factors influencing the formal borrowing behavior
of farm households that are not easily observed directly.

3.3.2. Model for Assessing Mediation Effect

The model of the mediating effect is often employed in the three-step mediation
method [71]. This method has become the most widely used mediation effect test method
due to its relatively simple operation and since it is easy to understand and master. How-
ever, recent scholarly observations highlight that this approach applies solely under con-
ditions where both explanatory and mediating variables remain continuous, and if either
of the primary variables and the intermediary variables is a dichotomous variable, the
regression coefficients of the model will be biased, which will lead to the regression results
being affected. It is possible that the model has a more serious endogeneity problem when
this method is used. Given that the dependent variable in this study exhibits dichotomous
characteristics, the three-step method cannot be used for the mediation effect test. We refer
to Preacher, Hayes’ Bootstrapping mediation effect test method to construct the following

model [72]:
Y; = ip + alnuse; + yoControl; + € 5)
M; = i1 + blnuse; + v;Control; + £1; (6)
Y; = ip + a’Inuse; + cM; + y,Control; + & 7)

In Equations (5)—(7), Yj, Inusei, and M; denote the dependent variable, core explana-
tory variables, and mediating variables, respectively. ip, i1, and i, are intercept terms; a, b,
and a’ are regression coefficients of Inuse; vy, v1, and v, are regression coefficients of control
variables; c denotes regression coefficients of the mediating variables; and eg;, €1i, and ey
denote the random perturbation terms. Equation (5) illustrates the collective impact of
digital literacy levels on farmers’ formal borrowing behavior; Equation (6) delineates how
the digital literacy level affects earnings or the social network; and Equation (7) represents
the indirect influence of digital literacy level on farmers’ formal borrowing behavior via
earnings or social network. The following are the specific steps of the mediation effect
test: Initially, assess the significance of b and a’. Significance indicates the exclusion of 0
from the 95% confidence interval, suggesting the existence of a mediation path; nonsignif-
icance implies the absence of such a path. Subsequently, evaluate the significance of c.
Significance implies a partial mediation effect, while nonsignificance suggests a complete
mediation effect.

3.3.3. The KHB Model

Although the Bootstrapping method can verify the existence of mediating effects, it
cannot calculate the indirect effect of each mediating variable. The KHB model allows for
the dissection of a variable’s overall effect into direct and indirect components, enabling
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the computation of the precise contribution of each mediating variable [73]. Compared to
alternative mediation effect tests, the KHB method offers several advantages [74]. Firstly,
it computes the disparity between outcomes derived from the coefficient difference and
coefficient product methods in mediation effect analyses involving nonlinear probabilistic
models. Secondly, it presents effects measured in Probit or Logit models. Thirdly, it effec-
tively mitigates the sample self-selection issue inherent in the model while also addressing
endogeneity problems arising from reverse causation, variable omission, and similar factors.
Furthermore, the method’s calculation process is simpler but yields comparable or superior
results. It has undergone rigorous scrutiny by scholars such as Morgan, who has affirmed
its merits [75]. Therefore, to further investigate the total, direct, and indirect impacts of
intermediary factors on digital literacy level and the formal borrowing conduct of rural
households, this study utilizes the KHB model for mediating effect estimation, with the
model expression presented as follows:

Y* = ag + bgX + cgZ + dgC + pg (8)

Y* = ap +bpX + dpC + g )

In Equations (8) and (9), Y* is the unobservable dichotomous latent variable Y, X
represents the core explanatory variable Inuse, Z stands as the intermediary variable, while
C functions as the control variable. Within this paper, using binary Probit for regression,
the final direct and total effects are

_be

Pr = f51::IE

&k 8F

(10)

Bg and Br in Equation (10) are the residual standard errors of Equations (8) and (9),
and Bg < B. So the indirect effect is

br  bg
Prp—PBg=——— (11)
F : 8F 8E

4. Results
4.1. Analysis of Model Regression Results

Table 2 reflects the results of the baseline regression of the level of digital literacy on the
formal borrowing and lending behavior of farm households, with robust standard errors in
parentheses to correct for heteroskedasticity to ensure the reliability of the regression results.

Models (1) to (4) display the regression outcomes incorporating control variables. The
regression coefficients of both Inuse and Information are significantly positive at a 1% level
of significance and the regression coefficients regarding Instudy demonstrate statistically
meaningful positive patterns at the 5% significance threshold. This suggests that heightened
digital literacy levels substantially impact farmers’ credit behavior regarding formal credit
institutions, thereby confirming hypothesis H1.

Further analysis of the regression outcomes from models (1) and (4) reveals that
the impact of Inuse is measured at 0.171, the effect of Instudy is 0.108, and the effect of
Information is 0.057, which can be attributed to the fact that most Chinese farmers primarily
engage with digital technology through basic financial transactions, such as borrowing and
lending via online banking. Instudy, as a crucial method for enhancing farmers’ digital
literacy level, demands that they allocate additional time to self-directed online education,
but fewer farmers are currently engaged in online learning, resulting in a smaller effect on
the formal borrowing and lending behavior of farmers. The reason why Information has
the lowest impact may be that it requires more from farmers. Before advancing, farmers
must enhance their digital skills via online educational resources and then transform the
knowledge that they have learned into a “means of production”. For example, if a farmer
wants to know the interest rates of loans from major banks, they need to collect relevant
information on the Internet to make a loan decision. However, this certainly makes it more
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difficult for farmers to apply the information, thus minimizing the impact on their formal
lending behavior. The regression findings above indicate that Chinese farmers’ present
digital literacy level primarily manifests in their foundational use of digital tools, with less
conspicuous proficiency demonstrated in the advanced utilization of such technologies [76].

Table 2. Results of the baseline regression model.

Variable 1) (2) 3) (€Y
Inuse 0.171 ***
(0.045)
Instudy 0.126 ** 0.108 **
(0.053) (0.053)
Information 0.060 *** 0.057 ***
(0.014) (0.014)
Age —0.095 *** —0.135 *** —0.104 *** —0.101 ***
(0.034) (0.032) (0.033) (0.033)
Gender 0.008 0.008 0.009 0.009
(0.037) (0.036) (0.037) (0.037)
Education 0.017 ** 0.018 ** 0.017 ** 0.014 *
(0.007) (0.007) (0.007) (0.007)
Health 0.047 *** 0.046 *** 0.049 *** 0.050 ***
(0.016) (0.016) (0.016) (0.016)
Marriage 0.160 *** 0.187 *** 0.151 *** 0.164 ***
(0.054) (0.055) (0.054) (0.055)
Family 0.066 *** 0.065 *** 0.066 *** 0.066 ***
(0.009) (0.009) (0.009) (0.009)
Assets 0.075 *** 0.077 *** 0.075 *** 0.074 ***
(0.009) (0.009) (0.009) (0.009)
House —0.448 *** —0.449 *** —0.457 *** —0.457 ***
(0.070) (0.069) (0.070) (0.069)
Land —0.225 *** —0.222 *** —0.224 *** —0.223 ***
(0.050) (0.049) (0.050) (0.050)
Agric —0.071 —0.070 —0.071 —0.071
(0.044) (0.044) (0.044) (0.044)
_cons —1.483 *** —1.345 *** —1.547 *** —1.541 ***
(0.158) (0.154) (0.161) (0.160)
Region Effect Yes Yes Yes Yes
Pseudo R? 0.055 0.054 0.056 0.057
N 6253 6253 6253 6253

Note: Standard errors robust to heteroskedasticity are presented in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

The regression results from models (1) to (4) reveal several significant findings: Firstly,
at the personal characteristics level, age demonstrates a marked adverse relationship at
the 1% significance level, indicating that senior farmers are less disposed towards utilizing
formal channels for borrowing, possibly due to their reduced risk tolerance and preference
for economic stability [77]. Conversely, health and marital status display significant positive
correlations, indicating that healthier and married farmers are more likely to opt for formal
loans. Secondly, regarding household characteristics, both household size and the total
value of consumer durables exert a positive and significant influence on farmers’ borrow-
ing behavior. Household size indirectly reflects labor availability, with larger households
having higher repayment capacity and thus a greater likelihood of formal borrowing [78].
Similarly, higher values of consumer durables signify better repayment capacity as per-
ceived by formal credit institutions, leading to increased formal lending opportunities for
farmers [4]. Lastly, the ownership of individual title housing and involvement in land
transfer significantly deter formal borrowing behavior among farm households at the 1%
significance level, contrary to previous studies [13]. This may be attributed to the fun-
damental economic and livelihood role of housing and land for most farm households.
Formal borrowing entails higher interest rates and risks, potentially resulting in an asset
mortgage or auction in the case of default, thereby harming their livelihoods.
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4.2. Model Endogeneity Test

Despite employing a fixed-effects model in the previous benchmark regression to
mitigate endogeneity issues arising from variable omissions, there remains the challenge
of unobservable individual characteristics. Furthermore, the formal borrowing behavior
might reciprocally enhance farmers’ digital literacy level through financial education and
the accrual of experience in formal lending, thus introducing potential bias from reverse
causality into the results of this study. Instrumental variables are used to address potential
endogeneity issues to ensure the reliability of the empirical results.

The research employs a dual-phase regression approach to formulate an Instrumental
Variable Probit (IV-Probit) framework and Conditional Mixed-Process (CMP) model to
examine potential endogeneity issues within the model. This paper refers to existing studies
by scholars [79] and adopts the logarithmic form of the communication expenditures of
farm households in 2018 (referred to as “Inphone”) as the instrumental variable of digital
literacy level. At the theoretical level, Inphone satisfies the two conditions of relevance
and homogeneity. First, the communication expenditure of farm households reflects, to a
certain extent, their investment status in digital devices and other aspects, which correlates
closely with the foundation of Internet usage and satisfies the condition of correlation.
Second, farmers’ communication expenditures in 2018 did not directly affect their formal
borrowing behavior in 2020, thus satisfying the homogeneity condition.

The outcomes from both testing approaches are detailed in Table 3. The findings
from the initial and subsequent estimation stages of the IV-Probit model are displayed
in Model (5) and Model (6). Firstly, based on the regression outcomes of the IV-Probit
model’s initial stage, the coefficient of Inphone is notably positive at the 1% significance
threshold, demonstrating that the instrumental variables fulfill the correlation prerequisite.
Secondly, according to the regression findings from the subsequent stage, the model’s Wald
chi? statistic is 39.34, signifying significance at the 1% level, suggesting the presence of an
endogeneity issue in the model. Consequently, employing instrumental variables becomes
imperative. In addition, the outcomes of the weak instrumental variable examination reveal
that both the AR and Wald test metrics stand at 41.78 and 10.55, respectively. Both metrics
surpass 10 and hold significance at the 1% level, suggesting that Inphone does not qualify
as a weak instrumental variable. Finally, following the rectification of the endogeneity issue
within the model, the impact of digital literacy level on farmers’ formal borrowing behavior
demonstrates a notably positive association. The results of the one-stage and two-stage
regressions of the CMP methodology are presented in model (7) and model (8), respectively.
With a significance level of 1%, the parameter atanhrho_12 in the endogeneity test stands
at —0.307, suggesting that the CMP methodology is suitable for this investigation. After
tackling the endogeneity problem, the positive and substantial influence of farmers’ digital
literacy level on their formal borrowing behavior persists without faltering. The findings’
robustness was confirmed by the estimation outcomes of both approaches.

Table 3. The endogeneity assessment for the model.

Vi IV-Probit CMP
a ®) 6) @) ®)
Inuse 6.232 *** 0.256 ***
(1.919) (0.061)
Inphone 0.030 *** 0.122 ***
(0.008) (0.028)
Control Variable Yes Yes Yes Yes
Region Effect Yes Yes Yes Yes
Wald Chi2 39.34 ***
Hk

Atanhrho_12 _?6?(;)971)

Observations 4154 4154 4154 4154

Note: Standard errors, marked in parentheses, exhibit robustness. *** p < 0.01.
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4.3. Model Robustness Tests
4.3.1. Replacement of the Model

Table 4 exhibits the findings from the tests assessing robustness. The results from the
regression employing the binary Logit model are demonstrated in Model (9), and it is found
that the regression results are the same as those obtained from the binary Probit model,
with the key explanatory factor Inuse showing significant positivity at the 1% significance
level, which suggests that alterations in model assumptions do not influence the findings
of the analysis concerning digital literacy’s impact on farmers’ formal borrowing behavior.

Table 4. Results of robustness analysis.

V: Change the Model Form Delayed Onephase Regression
ar
L)) (10)
0.287 *** 0.211 ***
Inuse (0.078) (0.040)
Control Variable Yes Yes
Region Effect Yes Yes
Obs 6253 8331
Pseudo R? 0.056 0.047

Note: The robust standard errors are enclosed within parentheses. ** p < 0.01.

4.3.2. Lagging a Period

The empirical results for a single period in the database may be subject to change.
Therefore, this paper lags by one period of data and uses the cross-section data of CFPS
2018 for regression, the regression still uses the Probit model, and model (10) is the result
of the regression. The regression findings reveal that even with a lag of one period, the
primary explanatory variable “Inuse” maintains a statistically significant positive effect at
the 1% confidence level. This shows that the model is relatively robust and convincing.

4.4. Mechanism Tests
4.4.1. Mediated Effects Test

This section uses the Bootstrapping method to test whether there is a mediating
effect of earnings and social network between Inuse and Y. Table 5 displays the precise
examination outcomes. Path 1 and Path 2 denote the immediate and consequential impacts
of the intermediary factors, earnings, and social network connections, controlling for other
influences, and the upper and lower bound intervals of the mediating variables do not
contain zero. The upper and lower limit intervals of the effects do not contain 0, which
indicates that both earnings and social networks have significant mediating effects between
Inuse and Y. Then, hypotheses H2 and H3 are proved.

Table 5. Test results of mediating effect between Inuse and farmers’ formal lending behavior.

Inuse — Earnings — Y (Path 1) Inuse — Social Network — Y (Path 2)
Effect The Level of Confidence The Level of Confidence
Coef Interval Is Set at 95% Coef Interval Is Set at 95%
Lower Upper Lower Upper
Indirect 0.014 *** 0.004 ***
effect (0.002) 0.010 0.018 (0.001) 0.002 0.006
Direct 0.032 *** 0.043 ***
effect (0.013) 0.007 0.057 (0.013) 0.016 0.069

Note: The robust standard errors are presented within parentheses. *** p < 0.01.

4.4.2. Analyzing the Direct and Indirect Effects Separately

From the examination of the mediation effect discussed earlier, it is evident that Inuse
can influence Y through two intermediary factors: earnings and social network. Sub-
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sequently, we employ the KHB approach to further break down the direct and indirect
impacts of Inuse and quantify the extent of contribution from the two mediating variables
in the indirect influence. The findings are displayed inTable 6. First, considering Path 3, the
cumulative impact of Inuse on Y is 0.305, demonstrating significance at the 1% level; the
direct impact is 0.219, which is also significant at the 1% level; and the indirect impact is
0.087, similarly significant at the 1% level. This indicates that the intermediate factor, earn-
ings, partially mediates the effect of Inuse on Y. Second, examining Path 4, the total impact
of Inuse on Y is 0.295, with direct and indirect impacts of 0.269 and 0.027, respectively, all
of which pass the 1% significance test. This suggests that the intermediary variable social
network similarly plays a partial mediating role in the effect of Inuse on Y. Thirdly, within
the mediated impact of Inuse on Y, the indirect share of earnings and social network is
82.37% and 17.63%, respectively, which indicates that earnings play a greater mediating
role than social networks in Y. The possible reason for this is that with the increase in
the level of digital literacy of farmers, farmers are able to more conveniently access and
understand Internet financial products, and the earnings of farmers may be improved after
they purchase financial products, thus sending a signal to formal financial institutions that
they have the ability to repay and increasing the availability of formal credit to farmers,
which implies that farmers with substantial earnings have a higher probability of acquiring
bank loans. Conversely, social capital predominantly embodies a social network relation-
ship, which has a greater influence on the informal borrowing behavior of farmers and a
relatively smaller influence on their formal borrowing behavior.

Table 6. Decomposition of the indirect effect of Inuse affecting the formal borrowing behavior of
farm households.

Path Decomposition

0.305 ***

Total effect (0.078)
, 0.219 **+*

Inuse — Earnings — Y Direct effect (0.078)
(Path 3) 0.087 ***
Indirect effect (O 014)

Indirect effect proportion 82.37%
0.295 ***

Total effect (0.077)
. 0.269 ***

Inuse — Social Network — Y Direct effect (0.077)
(Path 4) 0.027 ***
Indirect effect (0.008)

Indirect effect proportion 17.63%

Note: Robust standard errors are reported within brackets. *** p < 0.01.

4.5. Heterogeneity Analysis

Previous research has established that the level of digital literacy substantially in-
fluences farmers’ formal borrowing patterns, although the influence of digital literacy
might differ depending on farmers’ diversity [80-82]. Therefore, this paper will analyze the
heterogeneity according to gender, age, education, and region of the farmers.

Table 7 demonstrates the basic characteristics of the distribution of variables for
heterogeneity analysis. Gender heterogeneity is divided into two categories: female and
male, with more males in the observed sample; age heterogeneity is divided with reference
to the definition of different age groups by the United Nations Health Organization (WHO),
which classifies people younger than 45 years old as young people, and people older than
or equal to 45 years old as middle-aged and old people, with a higher number of farmers
below 45 years of age; and educational heterogeneity is divided into low educational
attainment (with fewer than or equal to six years of schooling), intermediate educational
attainment (with more than six years of schooling and fewer than or equal to 15 years), and
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high education (more than 15 years of education), with more farmers having secondary
education; and regional heterogeneity is divided into two categories, central and western
China and eastern China, with farmers in the central and western regions accounting for
the vast majority of the total.

Table 7. Basic description of heterogeneity analysis variables.

Category of Variables Mode Frequency Relative Frequency
Female 2697 43.13%
Gender male 1.00 3556 56.87%
Age under 45 3220 51.50%
Age 45 years old and above 0.00 3033 48.50%
Inferior Education 1606 25.68%
Education Secondary Education 2.00 3988 63.78%
Higher Education 659 10.54%
Region Central and western regions 0.00 4627 74.00%
& East Region : 1626 26.00%

Table 8 reports the results of the gender and age heterogeneity analyses, whereas mod-
els (11) to (14) are the results of the regressions on gender heterogeneity. For males, Inuse,
Instudy, and Information are all positively significant at 1% level of significance, and the
level of digital literacy greatly impacts the formal loaning and borrowing practices among
male agriculturalists, while for female farmers, both Inuse and Instudy have no significant
effect on their formal borrowing behavior. Only Information positively affects the formal
borrowing behavior of female farmers at a 5% level of significance. This difference may be
because the main decision-makers in rural households tend to be men due to the influence
of traditional Chinese culture and family economic status, so male farmers may be more
inclined to actively use the Internet to improve their digital literacy to better enhance
the reliability of household financial decisions. Models (15) to (18) show the regression
results of age heterogeneity. The regression coefficients of Inuse and Instudy on the formal
borrowing behavior of middle-aged and old farmers exhibit significance at the 1% level,
whereas significance is absent for their youthful counterparts. The regression coefficients
of Information on the formal borrowing behavior of both young and middle-aged and
old farmers are significantly positively correlated, but the effect of Information is more
significant for middle-aged and old-aged farmers. It can be seen that the main formal
borrowing group in rural areas is middle-aged and old farmers. Middle-aged and old
farmers have some savings after a long period of farming or working outside, and they
have the willingness and repayment ability to borrow from the bank, while young farmers
have a shorter working time and less savings, and they do not have enough repayment
ability yet. However, youthful agriculturalists demonstrate a greater aptitude for acquiring
knowledge and possess a heightened awareness of digital tools than middle-aged and old
farmers due to their age, which leads to a larger regression coefficient of Information on
the formal borrowing behavior of young farmers.

Table 9 reports the results of the analyses of educational attainment and regional
heterogeneity. Regression findings spanning from model (19) to model (24) elucidate
how the digital literacy level influences the formal borrowing behavior of agricultural
households across diverse educational durations. The findings indicate a significant and
positive impact of Inuse on the formal borrowing practices among farmers with lower
and secondary levels of education, and Inuse has the most significant and largest effect on
farmers with lower education. Information significantly and positively affects the formal
borrowing behavior of farmers with secondary education at a 1% level of significance.
However, the test of the significance of digital literacy level on formal borrowing behavior
of higher educated farmers was not passed. The reason for this is that farmers with
secondary and lower education are deficient in digital literacy due to their knowledge,
which makes it easier for them to fall into information asymmetry and allows formal
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lending behavior to occur with a relative lag. However, as the level of Internet accessibility
in rural areas of China increases year by year, digital financial tools become more common
and easy to access and learn, resulting in a significant increase in their level of digital
literacy, while farmers with higher education have already mastered the relevant digital
skills and have higher financial literacy and digital literacy, so digital literacy does not have
a significant impact on their lending behavior. Models (25) to (28) reflect the heterogeneous
results for eastern and non-eastern China. Inuse significantly and positively impacts the
formal borrowing tendencies of farmers across both the eastern and central-western regions,
with a notably more pronounced effect observed among farmers residing in the latter areas.
One potential explanation is that the degree of economic advancement in China’s eastern
area surpasses that of the central and western regions. This results in a more widespread
adoption of the Internet among farmers in the east, thereby diminishing the significance
of the increase in Internet usage. As the digital economy advances swiftly and Internet
accessibility surges in the central and western regions, more and more farmers are learning
financial knowledge independently on the Internet and improving their level of digital
literacy as a way to meet their formal borrowing needs. Therefore, enhancing digital literacy
has the potential to reduce the “digital gap” among farmers across various Chinese regions
and improve the formal borrowing conduct of farmers residing in underdeveloped areas.

Table 8. Heterogeneity analysis of age and gender.

V. Female Male Young People Middleaged and Senior People
ar a1 (12) (13) (14) (15) (16) (17) (18)
I 0.103 0.221 *** 0.079 0.196 ***
nuse (0.069) (0.060) (0.076) (0.057)
Instud —0.011 0.189 *** 0.051 0.347 ***
y (0.084) (0.069) (0.060) (0.112)
In i 0.053 ** 0.060 *** 0.055 ** 0.049 ***
niormation (0.022) (0.018) (0.023) (0.017)
Control Variable Yes Yes Yes Yes
Region Effect Yes Yes Yes Yes
N 2697 3556 3220 3033
Note: Robust standard errors are presented within brackets. ** p < 0.05, *** p < 0.01.
Table 9. Heterogeneity analysis of education and region.
Inferior Education Secondary Education Higher Education Central and Western Regions Eastern Region
Var 19) (20) 1) (22) (23) (24) (25) (26) @7) (28)
0.239 *+ 0.126 *+ 0.227 0.154 *** 0.228 *+
Inuse (0.079) (0.055) (0-282) (0.051) (0.099)
Tnstud 0.450 * 0.113 * 0.025 0.146 ** —0.031
y (0.232) (0.064) (0.106) (0.060) (0.117)
. ) 0.030 0.069 *** 0.040 0.048 *** 0.087 **+
Information (0.023) (0.017) (0.065) (0.016) (0.028)
Control Variable Yes Yes Yes Yes Yes
Region Effect Yes Yes Yes Yes Yes
Obs 1606 3988 659 4627 1626

Note: Standard errors are reported in robust parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

5. Conclusions and Policy Implications
5.1. Conclusions

As an important microeconomic subject in the rural financial market, the level of
digital literacy of rural households has become an important factor affecting farmers’
formal lending behavior, which is linked to the sustainable progression of the entire
rural financial framework. The examination of conceivable avenues to foster the formal
borrowing conduct of agricultural households through the perspective of digital literacy is
of great theoretical and practical importance for easing formal credit constraints for farmers,
accelerating the building of rural digital communities, and promoting rural revitalization.
This study uses the 2020 CFPS data. Firstly, we use the Probit model to conduct regression



Agriculture 2024, 14, 832

16 of 20

analysis; secondly, we use the IV-Probit and CMP methods to conduct endogeneity test;
and finally, we use Bootstrapping and KHB method to conduct mechanism analysis, for a
more comprehensive empirical investigation into the influence of digital literacy level on
the formal borrowing behaviors of farmers and the mechanism of their role. The following
research findings emerge:

1.  The level of farmers’ digital literacy level makes a notable positive impact on their
formal borrowing conduct. Subsequent examinations reveal that the basis of digital
technology use makes the greatest contribution, whereas the extent of utilization
of digital technology makes a comparatively lesser contribution. The outcomes of
the regression analysis still show good robustness after the introduction of the Logit
model, by lagging one period for the robustness test and using an instrumental
variable method for the endogeneity test.

2. Mechanistic analysis indicates that earnings and social network are the main pathways
through which the digital literacy level affects the formal borrowing behavior of
farmers, with both playing a partially mediating role, but the indirect effect of earnings
is greater. Specifically, enhancing digital literacy level can notably boost farmers’
earnings and enhance their social connections, whereas earnings and social networks
positively influence farmers’ adoption of formal borrowing practices. Meanwhile,
among the indirect effects of digital literacy level affecting farmers’ formal borrowing
behavior, the indirect effects of earnings and social networks account for 82.37%
and 17.63%, respectively. This indicates that earnings are much stronger than social
networks in mediating the effect.

3. The analysis of diversity demonstrates that the positive effect of increasing digital
literacy levels is more significant on the formal borrowing behavior of male, middle-
aged, and old farmers, and the impact is more pronounced among less-educated
farmers in central and western areas, whereas its significance is reduced for formal
borrowing behaviors among female, youthful, and highly educated farmers, as well
as farmers in the eastern regions.

5.2. Policy Implications

Based on the research outcomes above, we advocate the subsequent policy implications:

Firstly, the enhancement of digital literacy levels should be sped up among rural
households, especially the extent of utilization of digital technology. First, the government
should boost its funding for rural digital facilities and elevate the penetration rate of
internet services in rural areas to guarantee that rural households have the basic ability
to use digital technology. Second, the government should promote the popularization
of and education about rural digital technology and financial literacy and establish a
sound rural digital education system, to further improve the capacity of rural families in
utilizing digital technology. Finally, the government should cooperate with formal rural
financial service institutions to popularize rural households’ digital financial knowledge,
help rural residents understand financial products, and guide farmers to use formal credit
services correctly.

Secondly, emphasis should be placed on strengthening digital technology training
for middle-aged, elderly, low-educated, and male farmers, as well as including those
residing in central and western areas. On the one hand, Chinese governments at all levels
should prioritize the allocation of more Internet facilities to rural areas in central and
western China to make up for the relative backwardness of their economic development,
the lack of formal financial institutions, and the poor availability of formal borrowing and
lending and thus leverage digital literacy to encourage farmers’ engagement in official
borrowing and lending activities within the locality. On the other hand, the government
should provide targeted digital technology training for middle-aged, elderly, low-educated,
and male farmers, such as hands-on teaching on platforms such as WeChat, Alipay, and
online digital education, to enhance their intrinsic motivation to engage in formal lending.
Concurrently, it is recommended that governments integrate digital inclusion efforts with
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broader rural financial system reforms, such as the expansion of agricultural insurance, in
order to enhance the sustainability and inclusiveness of rural financial systems.

Thirdly, the authorities ought to implement extensive strategies aimed at boosting the
earnings of farmers while broadening their social networks. On the one hand, the gov-
ernment can formulate supportive policies to encourage farmers to use digital technology
to participate in new economic activities, such as e-commerce and digital agriculture, to
broaden their earnings-generating channels; on the other hand, the government should
promote the role of new agricultural management bodies, facilitating the exchange of
information and cooperation among farmers, and enriching the social network of farmers,
thereby facilitating their formal borrowing and lending behaviors.

Although centered on Chinese farmers, this study’s discoveries and policy insights
hold universal significance, extending support to governments in underdeveloped regions
sharing similar contexts to China. It facilitates the alleviation of formal credit limitations
among rural households by advancing digital infrastructure and implementing reforms in
rural financial frameworks.

5.3. Limitations and Perspectives

Naturally, this study exhibits certain limitations and deficiencies. Firstly, the data uti-
lized herein are cross-sectional and thus unable to capture the dynamic changes in farmers’
digital literacy levels. Secondly, the assessment of farmers’ digital literacy primarily focuses
on technology adoption, learning, and information access, yet digital literacy level is a
multifaceted concept requiring a broader range of metrics for more accurate evaluation.
Subsequent research endeavors could enhance refinement in these areas.
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