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Introduction: The rapid development of agriculture has brought about

significant negative impacts on the environment, such as land pollution and

ecological degradation. The root cause of environmental issues lies in human

behavior, with improper farming practices by farmers being a major contributor

to agricultural pollution. This paper explores the relationship between farmers’

digital literacy and their pro-environmental behaviors, examining the mediating

roles of subjective norms, behavioral attitudes, and perceived behavioral control.

Additionally, it investigates the varying impacts of digital literacy on PEB among

farmers with di�erent levels of education, social capital, and household income.

Methods: Based on data from the China Land Economic Survey (CLES), this

study utilizes an ordered probit regression analysis method to analyze data from

923 sample respondents in 24 villages in Jiangsu Province. All analyses were

conducted using Stata 15.0.

Results: The research findings indicate that digital literacy enhances the

likelihood of farmers engaging in PEB. This practice is achieved by reinforcing

farmers’ subjective norms, strengthening their behavioral attitudes, and

enhancing their perceived behavioral control (as the core elements in the Theory

of Planned Behavior theory), thereby promoting the implementation of PEB

among farmers. Further analysis reveals that digital literacy plays a crucial role

in enhancing PEB among farmers with higher levels of education, social capital,

and household income.

Discussion: The results of this study suggest that policymakers should enhance

farmers’ digital literacy and implement specific measures to improve farmers’

subjective norms, behavioral attitudes, and perceived behavioral control. When

the digital literacy and willingness for PEB are improved, farmers may engage in

environmentally friendly practices.

KEYWORDS

digital literacy, pro-environmental behavior, Theory of Planned Behavior, Ordered

Probit modeling approach, agricultural sustainability

1 Introduction

With the development of the global economy, environmental issues in various

countries are gradually becoming apparent, and the increasingly severe environmental

risks are driving the world toward disaster (Yu et al., 2022). Agricultural systems

have an extremely important impact on the environment. According to statistics,

the global food system accounts for more than one-third of global anthropogenic

greenhouse gas emissions, with the largest contribution coming from agricultural

and land-use change activities (Crippa et al., 2021; Tubiello et al., 2021). Globally,

especially for developing countries, the negative impacts of agricultural development
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on the environment are worsening (Cao et al., 2020). Over the

past few decades, China’s agricultural development has achieved

remarkable accomplishments. China, with only 9% of the world’s

arable land, feeds nearly 20% of the global population, while also

increasing farmers’ income and quality of life (Mi et al., 2020).

However, the rapid development of agriculture has also brought

about significant negative impacts on the environment, such as land

pollution and ecological degradation. According to data from the

Food and Agriculture Organization (FAO) of the United Nations,

in 2020, the average pesticide use per hectare of arable land in

China was 1.95 kg, higher than the world average of 1.81 kg, with

the annual insecticide usage being 70,804.73 tons, higher than

that of the United States at 65,770.8 tons1. Therefore, changing

China’s traditional extensive agricultural production methods and

promoting the green and sustainable development of agriculture

are urgent issues that need to be addressed in China’s future

agricultural development process.

Fortunately, China has recognized the imbalance between

economic development and environmental protection and has

successively enacted a series of policies to promote the green and

sustainable development of agriculture. However, the dispersed,

concealed, and lagging characteristics of agricultural pollution

determine that current measures such as post-pollution control

through laws and regulations and point source control policies

are difficult to achieve the desired effects (Guo and Zhao, 2014).

The root cause of environmental issues lies in human behavior

(Price and Leviston, 2014), and farmers, as the micro subjects of

agricultural production, have engaged in inappropriate production

practices, which have become the main cause of agricultural

pollution in China (Liu et al., 2021). Farmers’ PEB refers to

their conscious adoption of low-pollution, reuse, and reduction

agricultural management practices during the production process.

Relying on farmers’ PEB can effectively address agricultural

pollution at its source (Cheng and Monroe, 2012; Shi et al., 2018).

Therefore, a thorough analysis of the underlying mechanisms of

farmers’ PEB and guiding farmers to consciously practice PEB

in agricultural models are crucial for overcoming agricultural

ecological environmental challenges and promoting the green and

sustainable development of agriculture.

Research on farmers’ PEB primarily focuses on two aspects:

on one hand, analyzing the influence of external factors such

as policy support, farm size, farming conditions, and household

characteristics on farmers’ PEB (Khataza et al., 2018; Marr and

Howley, 2019); on the other hand, examining the effect of farmers’

personal endowments, such as gender, age, livelihood capital, social

capital, and education level, on farmers’ PEB (Botetzagias et al.,

2015; Bakker et al., 2021; Yu et al., 2021). However, as farmers

are individuals with independent thoughts, their PEB is not only

influenced by external factors but also driven by internal factors.

The farmers’ inner acceptance and support for PEB are necessary

prerequisites for engaging in PEB. Motivation, as the precursor of

individual action, can propel farmers toward PEB (Hattie et al.,

2020). Scholars have started to pay attention to the relationship

between subjective factors such as values, cognition, and emotions,

and farmers’ PEB (Byrne and O’Regan, 2014; Zhang et al., 2016;

1 Data Source: FAO Database (https://www.fao.org/faostat/en/#home).

Fu et al., 2017). For example, Ali et al. (2020) found that farmers’

optimistic attitudes affect behavioral changes and the adoption of

green technologies in rice production among Ghanaian farmers.

Farmers’ attitudes toward PEB depend on both the information

they possess and the information they obtain externally. The digital

revolution has created opportunities for farmers to remotely and

cost-effectively access various information. Digital technologies

play a crucial role in changing farmers’ cognition and attitudes

by helping them acquire information. However, digital literacy,

which determines the extent to which they can access and utilize

information, is often overlooked in research on PEB. Firstly,

existing research has not treated digital literacy as an independent

variable, thus neglecting its significant role in farmers’ PEB.

Particularly in the digital economy era, farmers with higher

digital literacy can better apply digital technologies to transform

traditional agricultural practices, and the impact of digital literacy

on farmers’ PEB cannot be ignored (Huang et al., 2022). Secondly,

the measurement of farmers’ PEB is relatively singular, mostly

focusing on a specific behavior, such as avoiding straw burning

(Bell et al., 2016). This approach lacks a systematic measurement

of farmers’ PEB and overlooks the differences in PEB among

different farmers. Thirdly, the willingness of farmers to engage

in PEB has not been incorporated into the study to explore the

relationships and pathways between relevant variables. As rational

individuals, farmers are often guided by self-interest, and their

PEB are mainly determined by their behavioral intentions (Cao

et al., 2022). Therefore, the research questions of this paper are

focused on farmers, aiming to investigate whether digital literacy,

as a critical factor, can influence farmers’ PEB, how this influence

occurs, and the differences in its impact on various PEBs among

different farmers. The goal is to better promote the adoption of

PEBs by farmers and to reduce the environmental damage caused

by agricultural production.

Building upon the existing literature and addressing its

limitations, this study is grounded in the context of agricultural

green transformation under the conditions of the digital economy.

It focuses on the impact of digital literacy on farmers’ PEB and

integrates the Theory of Planned Behavior into the analytical

framework to further explore the role of farmers’ PEB intentions

in the influencing mechanism. Subsequently, using data from the

2022 China Land Economic Survey (CLES) as a sample, this study

empirically analyzes the influence of digital literacy on farmers’ PEB

from a micro perspective, the mediating role of farmers’ behavioral

intentions, and the differential impact of farmers’ digital literacy

on different types of PEB. These analyses provide valuable insights

for standardizing farmers’ PEB and comprehensively enhancing the

level of agricultural sustainable development.

This study contributes to the literature in several aspects.

Firstly, in the context of the digital economy era, it analyzes

farmers’ PEB from the perspective of digital literacy, offering a

novel viewpoint to promote farmers’ PEB. Secondly, it enriches

the measurement of farmers’ PEB by assessing it in three phases:

pre-production, production, and post-production, providing a

comprehensive reflection of farmers’ PEB status. Additionally, it

designs an index system for farmers’ digital literacy from the

perspectives of digital technology accessibility and depth of usage,

and utilizes the entropy method to measure it, reflecting farmers’

level of digital literacy. Thirdly, by incorporating the Theory of
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Planned Behavior into the analysis of the impact mechanism

of digital literacy on farmers’ PEB, it clarifies the relationships

among digital literacy, farmers’ behavioral intentions, and farmers’

PEB through mediating effect tests, revealing new pathways to

promote farmers’ engagement in PEB. Furthermore, it explores the

differential impact of farmers’ digital literacy on different types of

PEB, providing insights for formulating targeted green production

guidance policies.

The remaining sections of this study are organized as follows.

Section 2 reviews previous literature and formulates research

hypotheses through theoretical analysis. Section 3 introduces

the materials and research methods of the paper, including

data collection, variable measurement, and the construction of

econometric models. Section 4 presents the empirical analysis

results. Section 5 discusses the research findings. Section 6

concludes the study and identifies future research directions.

2 Theoretical analysis and research
hypotheses

2.1 The direct relationship between digital
literacy and farmers’ PEB

According to farmer behavior theory, rational economic agents,

farmers, aim to maximize operational profits in their production

decisions. Therefore, the economic value brought by PEB becomes

the driving force for farmers to adopt such behavior to a greater

extent (Huang et al., 2018). Whether PEB can bring economic

value is driven by external information such as production costs,

expected returns, and government policies. Accessing extensive

information helps farmers gain a deeper understanding of PEB and

reduces their resistance to PEB due to insufficient information (Yu

et al., 2020). In the digital economy era, digital information plays

an increasingly important role. Timely, accurate, and abundant

digital information provides basic data and reference for farmers’

decision-making (Molinillo and Japutra, 2017). The digital divide

resulting from the low level of digital literacy among farmers creates

barriers to their acquisition and utilization of digital information.

Existing research defines digital literacy as the ability of individuals

to effectively obtain and appropriately use relevant information

through internet platforms (Hargittai, 2005). For the farmers, who

are the focus of this study, they first need to have access to digital

devices for acquiring digital information. Furthermore, they must

be able to comprehend, apply, and critically evaluate the digital

information obtained in their production and daily life. This allows

farmers to expand their sources of information, break free from

information silos, and be more willing to engage in PEB. Therefore,

this paper defines farmers’ digital literacy as the ability of farmers

to use digital devices to acquire digital information and apply the

obtained digital information in their production and management

processes. The impact of digital literacy on farmers’ PEB can be

specifically analyzed from the perspectives of inputs and outputs.

In terms of input, farmers with high digital literacy have richer

information reserves related to PEB, enabling them to accurately

grasp the input of agricultural production factors, avoid excessive

input of factors, and thus reduce the costs brought by PEB. In terms

of output, the influence of digital literacy on PEB mainly manifests

in expected output and unexpected output (Wang et al., 2023).

For expected output, farmers obtain information about agricultural

production through WeChat public accounts and agricultural

service apps, choose suitable crop varieties according to market

demand, and promote productivity improvement by adopting

green technologies, thereby increasing the income brought by

PEB (Wang et al., 2024). For unexpected output, the government

usually formulates corresponding policies and systems to reward

farmers engaged in green production to encourage PEB, and punish

farmers who harm the environment to reduce environmentally

harmful behavior. Farmers with high digital literacy have strong

cognitive abilities regarding information and can timely access

policy information about green production. In order to obtain PEB

subsidies and avoid penalties, they correctly allocate production

factors and reduce agricultural pollution (Song et al., 2020; Yang

et al., 2024). Based on the above, this paper puts forward the first

research hypothesis.

Hypothesis 1. Digital literacy has a significant positive impact

on farmers’ PEB.

2.2 The role of behavioral intentions in the
relationship between digital literacy and
farmers’ PEB

Proposed by Ajzen (1991), the Theory of Planned Behavior

(TPB) has been widely applied to study the formation of various

human behaviors. According to TPB, farmers’ PEB is determined

by their behavioral intentions, which are in turn influenced by three

core psychosocial structure variables, including subjective norms

(SN), behavioral attitudes (BA), and perceived behavioral control

(PBC) (Cao et al., 2022). In the process of agricultural production

and management, PEB by farmers encompasses practices such as

soil testing-based fertilization and environmentally-friendly pest

control, which aim to balance economic, ecological, and social

benefits (Yu et al., 2017). These behaviors exhibit characteristics of

positive externalities, such as long-term investment returns, high

risks, and requirements for large-scale operations, yet the positive

externalities of PEB are challenging to internalize completely. As

rational economic agents, farmers seek to maximize producer

utility, with the narrow objective of profit maximization in

economic markets (Dowlatshahi, 2010). The uncertainty of benefits

derived from PEB contributes to a lower willingness among farmers

to engage in such behavior. However, the improvement in farmers’

digital literacy levels can lead to a clearer understanding of their

SN, a more positive BA toward PEB, and a stronger PBC. This

alteration from previously low profit expectations regarding PEB

further enhances the willingness to engage in PEB and ultimately

implement it. In summary, this study will analyze the indirect

impact of digital literacy on farmers’ PEB from the dimensions of

SN, BA, and PBC.

Firstly, digital literacy strengthens farmers’ SN and promotes

their engagement in PEB. SN refers to the perception of social

pressure individuals feel when adopting a specific behavior. SN

emphasizes farmers’ awareness of social pressure, as they often

consider the pressure exerted by relevant stakeholders when

deciding whether to adopt PEB in agricultural production and
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management. For farmers with higher levels of digital literacy, on

one hand, they intuitively understand the harm to the environment

caused by non-green practices in agricultural production through

browsing images, watching videos, listening to news, etc., which

stimulates a sense of moral responsibility and increases pressure for

environmental protection, thereby strengthening their SN (Zeng,

2023). On the other hand, they can use modern communication

technologies to enhance communication and exchange with other

farmers, making it easier for them to perceive the environmental

pressure exerted by other farmers implementing PEB under the

influence of peer effects. Additionally, farmers with higher digital

literacy are more likely to have their online interactions with

other stakeholders open to public information, which is understood

by other farmers, thereby forming an implicit supervision of

farmers’ PEB. Once environmental pollution issues in agricultural

production are exposed, negative publicity will quickly ferment

within the social network of the farmers, leading to irreversible and

serious consequences (Halvorsen, 2012; Lakhan, 2015). Through

the above analysis, farmers with high digital literacy can enhance

their SN based on the pressure exerted by external stakeholders on

PEB, forming the willingness to engage in PEB and promoting the

implementation of PEB by farmers. Based on the above, this paper

proposes the following research hypotheses.

Hypothesis 2a. Digital literacy promotes farmers’ engagement

in PEB by strengthening their SN.

Secondly, digital literacy enhances farmers’ BA, thus promoting

their engagement in PEB. BA refers to an individual’s degree

of self-acceptance of certain behaviors, reflecting their positive

or negative evaluation of those behaviors. Farmers assess each

specific PEB based on their own judgment, considering the

advantages and disadvantages of different PEB, and formulating

their own attitudes toward whether to engage in a particular

behavior (Klöckner, 2013). Farmers with high digital literacy can

leverage digital technologies to expand their access to agricultural

information, gaining a better understanding of the importance

of PEB for the environment (Wang et al., 2024). Additionally,

farmers with high digital literacy often sell agricultural products

through e-commerce platforms such as shopping websites and live

streaming sales, enabling direct interaction between the production

and consumption ends of agricultural products. Through this

approach, farmers can gain insights into consumers’ demand

for environmentally friendly agricultural products and experience

the benefits of green agricultural products, thereby increasing

their acceptance and recognition of PEB (Kansiime et al., 2019).

Through the aforementioned analysis, farmers with high digital

literacy can expand their channels for accessing agricultural

information, enhance their connection with the market, and form

positive evaluations of PEB, thereby strengthening their willingness

to implement PEB and adopting various PEB in agricultural

production. Based on the above, this paper proposes the following

research hypotheses.

Hypothesis 2b. Digital literacy promotes farmers’ engagement

in PEB by enhancing their BA.

Thirdly, digital literacy enhances farmers’ PBC, thereby

promoting their engagement in PEB. PBC reflects individuals’

evaluation of challenges when taking specific actions, indicating

the degree to which they perceive control and feasibility in the

process of taking action. Digital literacy can enhance farmers’

PBC in several ways. Firstly, farmers with high digital literacy are

more likely to access loans, alleviating the financial constraints of

PEB. Compared to traditional agricultural practices, PEB requires

increased production costs. Farmers with higher digital literacy

can overcome geographical limitations in obtaining loans by using

digital financial tools. They can also apply for some unsecured and

fast-loan credit services, thereby breaking financial constraints and

enhancing PBC (Li and Zhou, 2023). Secondly, PEB by farmers

inevitably involves new mechanical equipment. Farmers with

high digital literacy are more likely to master efficient agricultural

machinery to meet the equipment requirements for PEB, thereby

reducing their perception of difficulties (Gong et al., 2024). Finally,

PEB by farmers mainly involves the adoption of pro-environmental

technologies, and their mastery of these technologies influences

their PBC. Farmers with high digital literacy are often more

capable of identifying, digesting, and applying relevant

technological information. Possessing appropriate green

production technologies makes it easier to address the challenges

of implementing PEB, thereby enhancing their PBC (Bai et al.,

2023). Through the above analysis, farmers with high digital

literacy can access financial support, agricultural machinery, and

technological assistance to address the challenges of implementing

PEB, thereby strengthening their PBC and increasing their

willingness to adopt PEB, making it more likely to engage in

PEB. Based on the above, this paper proposes the following

research hypotheses.

Hypothesis 2c. Digital literacy promotes farmers’ engagement

in PEB by enhancing their PBC.

2.3 Heterogeneity analysis of the impact of
digital literacy on farmers’ PEB

For the subject farmers of this study, they belong to a highly

heterogeneous group, so the impact of digital literacy on PEB

may vary among farmers with different characteristics. Firstly,

according to the theory of innovation diffusion, technological

complexity is one of the main obstacles faced by adopters (Acikgoz

et al., 2023). Farmers engaging in PEB require the acceptance

of new knowledge and technology. Farmers with higher levels

of education have higher cognitive and acceptance capabilities,

possess better digital literacy, and are more likely to learn

and master knowledge and skills related to agricultural green

production. Therefore, the influence of digital literacy on PEB

is more significant among farmers with higher education levels.

Secondly, social capital, as the ability of individuals to allocate

various resources in society, determines the extent to which digital

literacy affects PEB among farmers. Farmers with high social

capital have abundant social resources, making it easier for them

to access knowledge and skills related to digitalization. Through

frequent interactions with diverse entities, they enhance their

digital literacy (Neumeyer et al., 2020). Finally, most farmers

have a weak resistance to risk and tend to have a higher risk-

averse attitude. Farmers with lower family income are less able to

bear the potential losses associated with engaging in PEB (Wang

et al., 2020). Therefore, compared to high-income farmers, the

impact of digital literacy on PEB is smaller among low-income

farmers. Based on the above, this paper proposes the following

research hypotheses.
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FIGURE 1

Framework of how digital literacy promotes farmers’ PEB.

Hypothesis 3.Digital literacy is more likely to facilitate farmers

with higher levels of education, higher social capital, and higher

family income to engage in PEB.

The analysis framework illustrating how digital literacy

promotes PEB among farmers is presented in Figure 1.

3 Material and methods

3.1 Data sources

This study utilized the China Land Economic Survey (CLES)

conducted by Nanjing Agricultural University in 2022 in Jiangsu

Province. The CLES aims to provide reliable empirical evidence to

illustrate the rural production and operation situation in Jiangsu

Province, and to offer reference for government departments in

formulating rational policy interventions. The survey questionnaire

covers various aspects including rural infrastructure, factor

markets, rural governance, inclusive finance, digital agriculture,

living environment, and rural elderly care development. It

reflects the micro-level individual farmers’ situation of green

production. The data’s good representativeness and reliability

provide comprehensive support for this study. The survey utilized

the Probability Proportional to Size (PPS) sampling method,

randomly selecting sample counties/districts and administrative

villages to ensure sufficient diversity and balanced representation

across different groups, thereby reducing sample selection bias.

To further mitigate data bias, during the data cleaning and

preprocessing stages, outliers were removed and missing values

were imputed to ensure data consistency and accuracy. In the

data analysis stage, various statistical methods were employed

to verify the results, ensuring their robustness and consistency.

The survey data encompassed six prefecture-level cities and

24 villages in Jiangsu Province. Based on the actual needs of

the study, information on household characteristics, individual

characteristics, and the implementation of pro-environmental

behaviors was extracted from the raw data. After processing, a total

of 923 valid questionnaires were obtained.

3.2 Variable definition and measurement

3.2.1 The dependent variable
The dependent variable selected in this study is farmers’ PEB.

Farmers’ PEB can be understood as the activities carried out

by farmers in agricultural production to protect the agricultural

environment, such as reducing expenses and the use of plastic

film (Bell et al., 2016). As the agricultural production process

consists of multiple stages, including pre-production, production,

and post-production stages, and considering the diversity of

agricultural production stages and the limitations of data, we

referred to the studies by Zhou et al. (2019, 2020) and selected

five specific behaviors for analysis. These behaviors include the

use of soil testing and fertilization technology (pre-production),

the use of high-efficiency, low-toxicity, and low-residue pesticides

(production), the application of commercial organic fertilizers

(production), the recycling of agricultural film (post-production),

and the recycling of pesticide packaging (post-production). Each

behavior is set as a binary variable, with a value of 1 if the farmer

adopts the behavior and 0 if not. Finally, the values of these five

variables are summed to obtain a composite value measuring the

extent of farmers’ PEB.

3.2.2 The independent variable
This study selects farmers’ digital literacy as an explanatory

variable. Based on the previous definition of digital literacy, the

ability of farmers to utilize digital devices is a necessary prerequisite.

Applying the acquired digital information to the production

and management process can be specified as the use of digital

finance and digital lifestyle. Following the content of the CLES

questionnaire and the studies by Alant and Bakare (2021) and

Du et al. (2023), farmers’ digital literacy is measured from three

dimensions: access to digital technology, use of digital finance,

and digital lifestyle. Access to digital technology is represented

by the number of smartphones and computers owned. The use

of digital finance is represented by the level of understanding

of digital credit services and the frequency of digital payments.

Digital lifestyle is represented by the extent to which information is

obtained online. However, it is important to note that the personal

economic ability of farmers may lead to higher values for these

indicators, potentially causing bias in the results. To address this

issue, the study employs two approaches: first, it filters the data by

excluding samples with high economic income and high numbers

of smartphones, computers, or digital payments to avoid potential

bias. Second, to further control the impact of farmers’ economic

ability on the measurement of digital literacy, the study includes

household income as a control variable in the statistical model to

account for potential bias. After non-dimensionalization of these

five indicators, the weights of each indicator are obtained using the
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TABLE 1 Assessment framework for farmers’ digital literacy indicators.

Dimension Indicator Definition Weight

Digital technology

access

Number of smartphones Number of smartphones 10.36%

Number of computers Number of computers 25.40%

Digital finance

usage

Understanding of digital credit

services

Do you understand the digital credit services offered by formal financial

institutions such as banks? The values range from 1 to 5, with higher values

indicating a greater understanding of digital credit.

52.96%

Frequency of digital payments How do you usually make payments? The values range from 1 to 5, with higher

values indicating a higher frequency of use.

6.50%

Digital lifestyle Degree of information access through

the internet

How do you usually obtain information? The values range from 1 to 5, with

higher values indicating a higher frequency of using online channels.

4.78%

entropy weighting method. The specific indicators and weights are

shown in Table 1.

3.2.3 The mediating variable
Based on the previous analysis of the indirect relationship

between digital literacy, behavioral intention, and farmer PEB, this

study selects the mediating variables of farmer SN, farmer BA, and

farmer PBC (Cao et al., 2022). By referring to existing research

(Billari et al., 2009; Ajzen and Klobas, 2013), and the definitions

of each concept, combined with the content of the questionnaire,

farmer subjective norms are measured by “How do you rate the

living environment in your village?”; farmer behavioral attitudes

are measured by “How do you perceive your own environmental

behaviors?”; and farmer perceived behavioral control is measured

by “Your attitude toward income growth in the next 1–2 years.”

These three items were chosen because villages with better living

environments increase the social pressure felt by farmers. As

other farmers pay attention to their environmental behaviors

and the environment improves, farmers face environmental

pressure exerted by their peers. Farmers’ perceptions of their own

environmental behaviors can fully reflect their self-acceptance of

environmentally friendly behaviors. Estimations of future income

increases by farmers can reflect their assessment of environmental

challenges. If farmers believe that engaging in green behaviors

is within their control, they will have an optimistic outlook on

the future.

3.2.4 Control variables
Based on previous studies (Diendéré et al., 2018; Melo et al.,

2018), factors such as gender, age, education level, household

size, and farm size are known to have an impact on rural PEB.

Therefore, this study introduces three levels of control variables

to reduce estimation bias. Regarding individual characteristics of

farmers, this includes gender, age, educational level, health status,

and training received by the household head. Regarding household

characteristics, it includes the number of household members,

household income, level of household diversification, and whether

the household is a member of the Communist Party. Regarding

land characteristics, it includes land size, land tenure status, and

land fertility. The specific content is shown in Table 2.

3.3 The empirical method

3.3.1 Ordered Probit model
The dependent variable in this study is discrete, and standard

regression models cannot be used for empirical analysis. Therefore,

according to econometric textbooks (Wooldridge et al., 2016), this

study employs an Ordered Probit model to examine the impact of

digital literacy on farmers’ PEB. The model expression is as follows:

PEBi = α0 + α1DLi + α2Xi + εi (1)

In Equation (1), PEB is the dependent variable, DL is the core

explanatory variable, Xi represents a series of control variables

that may affect the dependent variable, including individual

characteristics of entrepreneurs, family characteristics, and land

characteristics. εi is the random error term, α0 is the constant term,

and α1 and α2 are the parameters to be estimated. Assuming ε ∼N

(0, 1) distribution, the Ordered Probit model can be expressed as:

P(PEB = 0 | x) = P(PEB∗ ≤ r0 | x)

= ϕ(r0 − α1DLi − α2Xi)

P(PEB = 1 | x) = P(r0 < PEB∗ ≤ r1 | x)

= ϕ(r1 − α1DLi − α2Xi) − ϕ(r0 − α1DLi − α2Xi)

. . . . . .

P(PEB = 5 | x) = P(r4 ≤ PEB∗| x)

= 1− ϕ(r1 − α1DLi − α2Xi ) (2)

In Equation (2), r0< r1 < r2< r3 < r4 are the parameters to

be estimated; PEB takes values ranging from 0 to 5, representing

“not implemented” to “implemented 5 types of PEB” by farmers,

where ϕ is the cumulative density function of the standard normal

distribution. By constructing the likelihood function for each

farmer’s PEB, maximum likelihood estimation is then used to

estimate the model parameters.
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TABLE 2 Variable meaning and definition.

Variables Definition Mean Std.

PEB Number of PEBs adopted by the households 0.815 0.988

DL Weighted average composite value calculated using entropy method 0.545 0.480

SN How do you perceive the living environment in your village?: 1= No pollution; 2= slight

pollution; 3=moderate pollution; 4= severe pollution

1.430 0.613

BA How would you rate your own environmental protection behavior?: 1= Not

environmentally friendly; 2= average; 3= very environmentally friendly

2.614 0.528

PBC What is your attitude toward income growth in the next 1–2 years?: 1= Very pessimistic; 2

= Somewhat pessimistic; 3= neutral; 4= somewhat optimistic; 5= very optimistic

2.886 1.374

Gender 1=male; 0= female 0.909 0.288

Age The age of the household head. 64.330 9.912

Educational The number of years of education completed by the household head. 7.238 3.851

Health 1= disabled; 2= poor; 3= fair; 4= good; 5= excellent 3.923 1.070

Training 1= yes; 0= no 0.428 0.495

Number of family members How many people are there in your household? 2.930 1.548

Household income Ten thousand yuan 1.532 2.880

Degree of diversification The proportion of migrant workers among the household population 0.484 0.514

Party member household 1= yes; 0= no 0.231 0.422

Land area Hectares 0.269 1.162

Land tenure status 1= yes; 0= no 0.913 0.282

Fertility of land Fertility of the land being operated: 1= poor, 2=moderate, 3= good 2.373 0.645

3.3.2 Mediation e�ect model
This study proposes that digital literacy may promote farmers’

PEB through their SN, BA, and PBC. To verify the potential

mediating mechanisms, drawing from the mediation effect testing

method proposed by Jiang (2022), linear regression equations

are constructed for the relationships between digital literacy and

the intermediate variables SN, BA, and PBC. Where β0, γ0, δ0

are constants, β1, γ1, δ1, β2, γ2, δ2 represent their estimated

coefficients. The specific testing models are as follows:

SNi = β0 + β1DLi + β2Xi + εi (3)

BAi = γ0 + γ1DLi + γ2Xi + εi (4)

PBCi = δ0 + δ1DLi + δ2Xi + εi (5)

4 Results

4.1 Analysis of basic results

4.1.1 Regression analysis based on Ordered Probit
model

Before conducting the baseline regression, it is necessary to

consider the issue of multicollinearity among variables. This study

performed a collinearity diagnosis, and the results indicate that the

maximum variance inflation factor (VIF) is 2.22 (<10), suggesting

that there is no severe multicollinearity issue among variables. The

selection of explanatory variables is therefore deemed reasonable.

Table 3 presents the estimation results of the baseline Model

(1) for the impact of digital literacy on farmers’ PEB. Model

(1-1) examines the direct effect of digital literacy on farmers’

PEB. The results indicate a significant positive impact of digital

literacy on farmers’ PEB at the 1% level of significance. Controlling

for individual, household, and land characteristics, the results

of Model (1-2) show that digital literacy continues to have a

positive impact on farmers’ PEB, with a coefficient of 1.342,

significant at the 1% level. This indicates that farmers with

higher digital literacy are more likely to implement PEB. One

possible explanation is that compared to farmers with lower

digital literacy, those with higher digital literacy can access,

communicate, and apply information through digital means,

thereby enhancing the benefits of implementing PEB and reducing

associated costs. Under the assumption of rationality, farmers

adjust their agricultural production behaviors and decisions, thus

promoting the implementation of PEB. Additionally, factors such

as gender, education, health, and household income also influence

farmers’ PEB. Specifically, female farmers, those with higher levels

of education, better health, and higher incomes are more likely to

engage in PEB. Women may have higher levels of empathy and

social responsibility, which can translate into a greater concern

for environmental issues and a stronger commitment to PEB.

Higher education levels typically lead to a better understanding of

environmental issues and sustainable practices, enabling educated

farmers to access and comprehend information about PEB. Good

health allows farmers to participate more actively in labor-intensive
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PEB activities, as healthier farmers have the physical capacity to

implement andmaintain sustainable practices. Additionally, higher

household income provides farmers with the financial resources to

purchase the necessary tools and technologies for PEB and offers

greater economic security, enabling them to bear potential short-

term costs for long-term environmental benefits. Based on this,

research hypothesis H1 is confirmed.

Given that farmers’ PEB involves multiple processes in

pre-production, production, and post-production, each stage of

production behavior varies, and the costs and benefits of adopting

PEB also differ. Therefore, after clarifying the ability of digital

literacy to enhance farmers’ PEB, this study further analyzes the

impact of digital literacy on each type of PEB. The results in Model

(1-4), (1-6), and (1-7) of Table 3 indicate that the improvement

in digital literacy can promote farmers to use low-toxic and low-

residue pesticides, recycle agricultural film, and recycle pesticide

packaging. These three types of PEB are, respectively, in the

production and post-production stages. On the one hand, using

low-toxic and low-residue pesticides has low costs and high returns,

which can directly bring economic income to farmers. On the other

hand, post-production non-green behaviors may not only reduce

agricultural output for the next year but also easily attract scrutiny

from regulatory authorities, leading to penalties. Therefore, the

positive impact of digital literacy on the above three types of PEB

is significant. The results in Model (1-3) and (1-5) indicate that

although the impact of digital literacy on soil testing and the use

of commercial organic fertilizers is not significant, the relationship

remains positive.

4.1.2 Endogeneity analysis
In fact, this study may also face potential endogeneity issues

such as reverse causality or omitted variables, which could affect

the reliability of the research findings. Specifically, on one hand,

in the process where digital literacy enhancement influences PEB,

the implementation of PEB may indirectly influence farmers,

thereby enhancing their digital literacy. To address the endogeneity

issues arising from the mutual causality, it is essential to employ

appropriate econometric techniques. On the other hand, despite

controlling for some variables based on data availability, controlling

for all variables remains challenging, leading to potential omitted

variable bias in the baseline model.

To overcome the potential endogeneity issues mentioned

above, this study adopts the Conditional Mixed Process (CMP)

estimation method. This method requires simultaneous estimation

of two equations: the first equation estimates the impact of

instrumental variables on digital literacy, while the second equation

estimates the impact of digital literacy on farmers’ PEB. By referring

to the endogeneity test parameter Atanhrho-12 to discern the

exogeneity of variables, if the parameter significantly differs from

zero, it indicates the presence of endogeneity issues, and in this

case, CMP estimation results are more accurate (Roodman, 2011).

Regarding the selection of instrumental variables, this study follows

the approach of Su and Peng (2022), choosing “the average

digital literacy of other sampled households in the same village as

the interviewed farmers” as the instrumental variable for digital

literacy. The selection of this instrumental variable is primarily

based on two points: firstly, in terms of correlation, when other

households in the same village have higher digital literacy, the

interviewed respondents, driven by the herd mentality, tend to

imitate and learn from others, thereby improving their own digital

literacy. Secondly, in terms of exogeneity, the digital literacy of

other households in the village has no direct relationship with

the PEB of the interviewed households. Therefore, the selection of

instrumental variables meets the requirements of correlation and

exogeneity, and then constructs a model to test them.

From Table 4, Model (2-1) indicates that the average digital

literacy of other sampled households in the same village as the

interviewed farmers exhibits statistical significance at the 1%

level, with a positive effect on digital literacy. Moreover, the F-

value exceeds 10, indicating the absence of a weak instrumental

variable problem. The results of Model (2-2) regression show

that, after controlling for potential endogeneity bias, digital

literacy significantly and positively influences farmers’ PEB at the

1% significance level. This conclusion aligns with the baseline

regression findings. Additionally, the endogeneity test parameter

atanhrho-12 based on the CMP method is statistically significant

at the 1% level, indicating the presence of endogeneity issues in

the baseline regression. Therefore, the conclusions drawn from the

CMP method are more robust.

4.2 Mediation e�ect analysis

Based on the theoretical analysis presented earlier, digital

literacy can enhance farmers’ SN, strengthen their BA, and improve

their PBC, thereby increasing their willingness to engage in PEB.

To verify the indirect impact of digital literacy on PEB, this study

uses the constructed models (3), (4), and (5) to test the mediation

effect. The specific results are shown in Table 5. Model (3-1)

indicates that the coefficient of digital literacy on farmers’ SN is

significantly positive at the 1% statistical level, verifying hypothesis

H2a. This may be explained by the fact that farmers with higher

levels of digital literacy can expand their sources of information,

perceive the PEB of other farmers, and, under the influence

of group effects and public opinion pressure, feel a heightened

sense of moral responsibility to implement PEB themselves. The

results of Model (3-2) demonstrate that digital literacy significantly

positively influences farmers’ BA at the 1% statistical level, with

a coefficient of 0.448, validating hypothesis H2b. This promotion

effect can be understood from two perspectives: On one hand,

with the improvement of farmers’ digital literacy, they can more

easily access relevant information about green production, thus

enhancing their environmental awareness. On the other hand,

farmers with high digital literacy are more likely to learn about

the premium prices of green agricultural products in the market

through the internet, and they are more willing to engage in PEB

in the context of increased profit expectations. Model (3-3) shows

that digital literacy significantly positively influences farmers’ PBC

at the 1% statistical level, confirming hypothesis H2c. The possible

explanation is that farmers with high levels of digital literacy can

acquire the resources needed for PEB, such as funds, equipment,

and technology, through digital means. The support of resources

facilitates farmers’ transition from the willingness to engage in PEB

to actual implementation.

Frontiers in Sustainable FoodSystems 08 frontiersin.org

https://doi.org/10.3389/fsufs.2024.1432184
https://www.frontiersin.org/journals/sustainable-food-systems
https://www.frontiersin.org


Lu et al. 10.3389/fsufs.2024.1432184

TABLE 3 Basic regression results of Oprobit model.

(1-1) (1-2) (1-3) (1-4) (1-5) (1-6) (1-7)

Digital literacy 1.794∗∗∗ 1.342∗∗∗ 0.002 0.413∗∗∗ 0.008 0.224∗∗∗ 0.509∗∗∗

(0.033) (0.044) (0.021) (0.031) (0.022) (0.009) (0.030)

Gender −0.111∗∗ 0.016 −0.015 −0.005 0.011 −0.037

(0.051) (0.024) (0.036) (0.025) (0.011) (0.035)

Age 0.0003 0.0001 −0.001 0.0001 0.0002 0.00004

(0.002) (0.001) (0.001) (0.001) (0.00003) (0.001)

Educational 0.029∗∗∗ 0.012∗∗ 0.0165∗∗ −0.001 0.003 −0.002

(0.010) (0.005) (0.007) (0.005) (0.002) (0.007)

Health 0.213∗∗∗ −0.024 0.161∗∗∗ −0.001 −0.054∗∗∗ 0.131∗∗∗

(0.033) (0.016) (0.024) (0.017) (0.007) (0.023)

Training −0.029 0.058∗∗∗ 0.035 −0.001 −0.008 −0.013

(0.030) (0.014) (0.022) (0.015) (0.006) (0.021)

Number of family members −0.007 0.002 0.003 0.003 −0.005∗∗ 0.001

(0.011) (0.005) (0.008) (0.005) (0.002) (0.007)

Household income 0.019∗∗∗ −0.001 0.003 −0.002 −0.005∗∗∗ 0.015∗∗∗

(0.005) (0.002) (0.004) (0.003) (0.001) (0.004)

Degree of diversification 0.022 0.007 0.021 −0.019 −0.008 0.007

(0.029) (0.014) (0.021) (0.014) (0.006) (0.020)

Party member household −0.006 −0.019 −0.032 −0.017 0.010 −0.038

(0.036) (0.017) (0.026) (0.018) (0.008) (0.025)

Land area 0.000 0.017∗∗∗ −0.006 0.021∗∗∗ 0.000 0.000

(0.012) (0.006) (0.009) (0.006) (0.003) (0.008)

Land tenure status −0.063 0.023 −0.106∗∗∗ 0.001 −0.004 −0.007

(0.050) (0.024) (0.036) (0.025) (0.011) (0.035)

Fertility of land 0.023 0.021∗∗ 0.003 −0.008 0.003 −0.010

(0.022) (0.011) (0.016) (0.011) (0.005) (0.015)

Observations 923 897 897 897 897 897 897

Pseudo R2 0.760 0.819 0.048 0.633 0.005 0.492 0.580

Robust standard errors are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05.

4.3 Heterogeneity analysis of the impact of
digital literacy on PEB

This study employs a grouped regression approach, Model, to

investigate the influence of digital literacy on PEB among rural

households with different levels of education, social capital, and

household income. The specific estimation results are presented in

Table 6.

Firstly, Digital literacy and PEB among rural households:

Heterogeneity based on the level of education. Typically, the

educational level of rural households can be categorized as high if it

is at or above junior high school, and low if it is below junior high

school. The average education level of the surveyed households

in this study is 7.2 years, which corresponds to a junior high

school education level. Based on this, the study divides households

into two categories: high education level and low education level.

Model (4-1) and (4-2), respectively, represent the impact of digital

literacy on PEB among households with high and low education

levels. The coefficients of digital literacy on PEB for high education

level households and low education level households are 0.856

and 0.539, respectively. The results indicate that the marginal

effect of improving digital literacy on PEB is more significant

for households with higher education levels. This suggests that

households with higher education levels have greater cognitive and

learning advantages, enabling them to transform digital literacy

into productive capacity more quickly and thereby promoting the

implementation of PEB.

Secondly, Digital literacy and PEB among rural households:

Heterogeneity based on social capital. In this study, “How much

money do you typically give as a gift when attending weddings

or other events for relatives or friends?” was used to measure the

social capital of households. The average amount of money given

as gifts by surveyed households was used as the standard to divide

households into high and low social capital groups. Model (4-3)
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and (4-4) report the regression results for these two groups of

households. The impact of digital literacy on PEB is significantly

higher for households with high social capital compared to those

with low social capital. This result may suggest that social capital

provides households with abundant social resources, making it

easier for them to access and learn digital knowledge, improve

digital literacy, and thus become more willing to implement PEB.

Thirdly, Digital literacy and PEB among rural households:

Heterogeneity based on household income. Using the average

household income as the benchmark, households were divided

into high-income and low-income groups. Model (4-5) and (4-6)

demonstrate that digital literacy has a significant positive impact

on PEB for both groups of households, but the magnitude of

TABLE 4 Endogeneity analysis of the impact of digital literacy on PEB.

(2-1) (2-2)

Digital literacy 0.686∗∗∗

(0.068)

Instrumental variable 0.290∗∗∗

(0.010)

Control variables Yes Yes

F-value 237.39

Atanhrho-12 0.764∗∗∗

(0.047)

Observations 923 923

Robust standard errors are reported in parentheses. ∗∗∗p < 0.01.

TABLE 5 Estimation results of the mediating e�ect of digital literacy on

farmers’ PEB.

(3-1) (3-2) (3-3)

Digital literacy 0.998∗∗∗ 0.448∗∗∗ 1.578∗∗∗

(0.0274) (0.0413) (0.0691)

Control variables Yes Yes Yes

Constant 0.728∗∗∗ 1.519∗∗∗ 0.464∗

(0.102) (0.154) (0.258)

Observations 897 897 897

Pseudo R2 0.811 0.437 0.765

Robust standard errors are reported in parentheses. ∗∗∗p < 0.01, ∗p < 0.1.

the impact differs. For the high-income group, the coefficient

of digital literacy on PEB is 1.161, higher than the coefficient

of 1.148 for the low-income group. This outcome may suggest

that while implementing PEB requires financial support and

involves certain risks, households with higher income levels face

weaker financial constraints and have relatively higher risk-taking

capabilities. Conversely, households with lower incomes require

more financial support and tend to exhibit higher risk-averse

tendencies. Therefore, the promoting effect of digital literacy on

PEB is more pronounced among high-income households. Based

on the aforementioned analysis, hypothesis H3 is confirmed.

4.4 Robustness test

To further ensure the reliability of the estimation results, this

study conducted robustness tests on the main effect model from

three aspects: changing the method of constructing explanatory

variables, reducing the sample size, and altering the model. The

results are shown in Table 7.

First, the robustness test of changing the index construction

method. This study, based on the established indicator system,

used principal component factor analysis to calculate the index

of digital literacy for farmers. The Kaiser-Meyer-Olkin value

of the relevant items was 0.641, exceeding 0.6, indicating the

suitability of using principal component factor analysis. Based

on the principle of retaining two main component factors with

eigenvalues ≥1 to represent digital literacy, the index of digital

literacy for farmers was derived from the factor loadings of

each item, followed by regression analysis. Model (5-1) presents

the regression results of the index of digital literacy derived

from principal component analysis on farmers’ PEB. The results

show that digital literacy still positively influences farmers’ PEB,

consistent with the previous findings.

Second, the robustness test of excluding some samples.

Compared to younger individuals, older farmers have weaker

abilities in using digital technology and are less proactive in

subjectively accepting external information, resulting in a weaker

correlation between their PEB and digital literacy. Therefore, this

study excluded some elderly individuals to verify the reliability

of the estimation results. The World Health Organization defines

individuals aged 60 and above as elderly people, among whom

those aged 60–74 belong to the younger elderly category and still

TABLE 6 Results of heterogeneity analysis of the impact of digital literacy on PEB.

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

Digital literacy 0.856∗∗∗ 0.539∗∗∗ 1.401∗∗∗ 1.136∗∗∗ 1.161∗∗∗ 1.148∗∗∗

(0.0876) (0.0790) (0.152) (0.0611) (0.0643) (0.122)

Control variables Yes Yes Yes Yes Yes Yes

Constant −0.400∗∗∗ −4.295∗∗∗ 0.389 −1.047∗∗∗ −0.796∗∗∗ −0.841∗∗

(0.135) (0.365) (0.462) (0.221) (0.239) (0.392)

Observations 418 505 204 719 675 248

Pseudo R2 0.195 0.645 0.675 0.703 0.669 0.738

Robust standard errors are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05.
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TABLE 7 The robustness test results of the influence of digital literacy on

farmers’ PEB.

(5-1) (5-2) (5-3)

Digital literacy 1.329∗∗∗ 1.342∗∗∗

(0.0473) (0.0436)

The index of digital

literacy

0.630∗∗∗

(0.0160)

Control variables Yes Yes Yes

Constant −0.823∗∗∗ −1.123∗∗∗ −0.887∗∗∗

(0.141) (0.190) (0.163)

Observations 897 768 897

Pseudo R2 0.864 0.822 0.819

Robust standard errors are reported in parentheses. ∗∗∗p < 0.01.

possess some learning capabilities. Therefore, this study excluded

samples of farmers aged 74 and above, as shown in Model (5-

2). The results still indicate that digital literacy influences farmers’

PEB, suggesting that higher digital literacy scores are associated

with a greater likelihood of implementing PEB, consistent with the

previous findings.

Third, the robustness test using Probit models. The Probit

method is generally suitable for cases where the dependent variable

is a binary variable. Accordingly, this study divided farmers into

two categories based on the extent of their PEB: the “low PEB”

sample group consisted of farmers adopting 0–2 types of PEB, while

the “high PEB” sample group consisted of farmers adopting 3–

5 types of PEB. The regression results, as shown in Model (5-3),

indicate that digital literacy significantly promotes farmers’ PEB.

The regression results are generally consistent with the previous

findings, demonstrating good robustness.

5 Discussion

Compared with existing studies, this paper focuses on Chinese

farmers and incorporates digital literacy into the analytical

framework of farmers’ PEB. It establishes an evaluation index

system for digital literacy and measures related variables to analyze

the impact of digital literacy on farmers’ PEB, thereby expanding

the research on the factors influencing farmers’ PEB. The study

confirms the positive impact of digital literacy on farmers’ PEB,

indicating that digital literacy plays a significant facilitating role

in farmers’ implementation of PEB. Enhancing farmers’ digital

literacy can effectively improve the PEB in their production and

management activities. This conclusion is consistent with existing

literature (Huang et al., 2022; Du et al., 2023). Additionally, based

on the TPB, this study incorporates behavioral intention into

the analysis of farmers’ PEB and quantifies it through subjective

norms, behavioral attitudes, and perceived behavioral control.

It examines the indirect effects of digital literacy on farmers’

PEB, expanding the application of TPB in green agricultural

production. The results confirm the mediating roles of subjective

norms, behavioral attitudes, and perceived behavioral control in

the relationship between digital literacy and farmers’ PEB. This

indicates that farmers’ digital literacy triggers their intention to

implement PEB, which eventually leads to the actual behavior,

confirming that behavioral intention is a crucial driver of farmers’

PEB. Specifically, this intention is influenced by farmers’ subjective

norms, behavioral attitudes, and perceived behavioral control,

which serve as mediators in the positive impact of digital literacy

on farmers’ PEB. Furthermore, this study examines the roles of

farmers’ education levels, social capital, and household income

in the process of digital literacy influencing PEB, considering

the differences in personal and household characteristics among

farmers. The results show that farmers with higher education

levels, greater social capital, and higher household income are more

likely to engage in PEB under the influence of digital literacy.

These findings highlight the roles of behavioral intention and

certain individual and household characteristics in the process

of digital literacy impacting farmers’ PEB, addressing gaps in

existing research.

6 Conclusion

This study examines the relationship between farmers’ digital

literacy and PEB, confirming the positive impact of digital literacy

on farmers’ PEB. It emphasizes the mediating roles of subjective

norms, behavioral attitudes, and perceived behavioral control

in the relationship between digital literacy and farmers’ PEB.

Additionally, the study reveals the significant roles of farmers’

education levels, social capital, and household income. The higher

the education level, the stronger the social capital, and the higher

the household income, the greater the impact of digital literacy on

farmers’ PEB.

The above research conclusions provide important insights

for policymakers to promote farmers’ environmental protection

practices. On the one hand, the role of digital literacy in

enhancing farmers’ PEB should be recognized. The government

should strengthen the construction of digital infrastructure and

digital skills training in rural areas, ensuring that farmers can

access and proficiently use digital devices and internet resources.

By organizing training courses and providing online learning

platforms, the digital literacy of farmers can be improved, thereby

promoting their PEB. On the other hand, the influence of

digital literacy on farmers’ subjective norms, behavioral attitudes,

and perceived behavioral control should be fully utilized to

enhance farmers’ willingness to engage in PEB. This will promote

the implementation of PEB among farmers and reduce the

environmental damage caused by agricultural production and

management activities. Additionally, since digital literacy is more

beneficial for farmers with higher education levels, social capital,

and household income in implementing PEB, the government

should invest in improving farmers’ educational levels to enhance

their knowledge. It should also encourage cooperation and

communication among farmers to strengthen their social capital,

and formulate policies that support rural economic development

to increase farmers’ income levels. These combined measures will

enhance the effect of digital literacy on farmers’ PEB.

However, due to various limitations, this study inevitably has

certain constraints that warrant further investigation. First, the data

in this study were only collected from Jiangsu Province. Farmers’

personal, family, and agricultural production conditions may vary
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across different countries and regions. Future research should

consider this issue more comprehensively by conducting surveys

in broader areas of other countries to provide a more holistic

view of farmers’ PEB. Second, the questionnaire survey is based

on cross-sectional data, which cannot reveal the temporal effects of

digital literacy on farmers’ PEB. Future studies could enhance the

reliability of the findings by extending the data collection period

and employing panel data. Additionally, this study is limited by

the questionnaire content; the measurement of farmers’ PEB is not

sufficiently diverse, as it only includes five representative behaviors.

Future research could consider incorporating behaviors such as

soil management and pest, disease, and weed control to more fully

capture the implementation of farmers’ PEB.
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