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Can internet use promote farmers’ diversity in
green production technology adoption? Empirical
evidence from rural China
Jialan Zhang1, Ludan Zhang1, Kuan Zhang1 & Xin Deng 1✉

Agricultural non-point source pollution significantly threatens global ecosystems and sus-

tainable agricultural development. Adopting diversified green production technologies is

recognized as a key approach to mitigating agricultural pollution and promoting sustainability.

Internet use (IU) has become essential for promoting farmers’ diversity in green production

technology adoption (DIGPTA) and mitigating agricultural non-point source pollution.

Although many studies have analyzed the impact of IU on agricultural green production

technologies, the relationship between IU and farmers’ DIGPTA remains poorly understood.

In particular, the mechanism by which IU influences farmers’ DIGPTA remains unclear. Based

on the micro-survey data from the China Land Economy Survey (CLES) conducted between

2020 and 2022, this study employs the IV-Tobit model to investigate how IU affects farmers’

DIGPTA and its underlying mechanisms. The findings indicate that: (1) IU is significantly

correlated with farmers’ DIGPTA. Farmers’ DIGPTA increases by 53.10% as IU increases by

one unit. (2) When grouped by generational differences, IU substantially influences the

DIGPTA of new-generation farmers. (3) IU enhances farmers’ DIGPTA by influencing their

decision-making preferences, environmental awareness, and diversification risk perception.

The mediating effects of decision-making preferences, environmental awareness, and

diversification risk perception on farmers’ DIGPTA are 11.90%, 6.79%, and 16.84%,

respectively. These findings have important implications for addressing agricultural non-point

source pollution and promoting sustainable agricultural development.

https://doi.org/10.1057/s41599-025-04803-1 OPEN

1 College of Economics, Sichuan Agricultural University, Chengdu, China. ✉email: xindeng66@126.com

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |          (2025) 12:485 | https://doi.org/10.1057/s41599-025-04803-1 1

12
34

56
78

9
0
()
:,;

http://crossmark.crossref.org/dialog/?doi=10.1057/s41599-025-04803-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1057/s41599-025-04803-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1057/s41599-025-04803-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1057/s41599-025-04803-1&domain=pdf
http://orcid.org/0000-0002-0009-3708
http://orcid.org/0000-0002-0009-3708
http://orcid.org/0000-0002-0009-3708
http://orcid.org/0000-0002-0009-3708
http://orcid.org/0000-0002-0009-3708
mailto:xindeng66@126.com


Introduction

Environmental pollution is a critical global crisis (Vuong et
al., 2024), posing a significant threat to ecological balance
and sustainable development (Agboola et al., 2022). With

the expansion of agricultural production and the extensive
application of chemical fertilizers, synthetic pesticides, and plastic
mulch (Liu et al., 2020b; Zou et al., 2020), unsustainable agri-
cultural development has led to a series of environmental chal-
lenges, including overuse of agricultural resources, environmental
pollution, soil degradation, and ecological degradation (Guo et al.,
2022b). Agricultural non-point source pollution has become one
of the main threats to the global environment and sustainable
agricultural development (Li et al., 2021). As the most populous
developing country, China uses 7% of its arable land to feed 20%
of the world’s population (Wu et al., 2018). Over the past 30
years, the use of chemical fertilizers, pesticides, and agricultural
films in China has increased two to four times, driven by the
pursuit of higher crop yields and the demands of a growing
population (Liu et al., 2020a). China is now the world’s largest
consumer of fertilizers, with an average application rate twice the
recommended safety level in developed countries. However, the
average utilization efficiency remains around 40% (Shuqin and
Fang, 2018). Moreover, China leads the world in pesticide con-
sumption, applying chemical pesticides at rates 2.5 to 5 times
higher than the global average, yet achieving only 30% utilization
efficiency (Xie and Huang, 2021). Therefore, addressing agri-
cultural pollution from surface sources and protecting the agri-
cultural environment have become urgent and pressing issues (Lu
et al., 2023).

To further alleviate the adverse effects of agricultural pollution
and enhance ecological protection, the widespread adoption of
diverse green production technologies holds significant potential
(Hu et al., 2023). Agricultural production involves multiple tasks,
such as ploughing, transplanting, pest management, and harvest-
ing (Deng et al., 2020). Relying on a single green production
technology is insufficient to address various challenges of agri-
cultural pollution. Therefore, it is essential to integrate multiple
green production techniques into agricultural practices. The
Guiding Principles for Green Agricultural Development Tech-
nologies in China (2018–2030) outline a series of green agri-
cultural production technologies. However, the widespread
adoption of these technologies faces significant barriers, including
high investment costs and long return cycles (Scharfy et al., 2017).
Many farmers generally lack enthusiasm for adopting diversified
green production technologies, making it difficult to effectively
scale up (Mao et al., 2021). For instance, coverage of green pest
control for major crop diseases remains at only 41.50% (Zou et al.,
2023). Studies indicate that while one-third of surveyed farmers
expressed the willingness to use biopesticides, only approximately
3% actually adopted them (Pray et al., 2011). Therefore, devel-
oping evidence-based incentives to encourage farmers’ adoption of
diversified green production technologies has become an urgent
priority. This issue is critical for effectively integrating agricultural
green transition with high-quality development.

Therefore, understanding the key factors influencing farmers’
decisions to adopt diversified green production technologies has
become essential for advancing the green transformation of
agriculture. In this context, substantial academic research has
focused on the factors that influence farmers’ decisions regarding
green production technologies (Bunclark et al., 2018; Guo et al.,
2022b). Some studies have highlighted the impact of farmers’
individual and family characteristics on adopting these technol-
ogies (Sui and Gao, 2023). Individual characteristics include
factors such as gender (Jacksohn et al., 2019), age (Baerenklau
and Knapp, 2007), education level (Giua et al., 2022), and health
status (Abadi et al., 2017). Family characteristics typically

encompass family size (Ahmad and Jabeen, 2023), family income
(Han et al., 2023), farm size (Cao and Zhao, 2019), and the
number of family labor force (Guo et al., 2022b). However,
individual and family characteristics are not the only factors
influencing the adoption of green production technologies. Some
studies have indicated that the adoption of green production
technologies is also influenced by external factors such as gov-
ernment supervision, policy promotion, technical training, policy
incentives, and government subsidies (Bai et al., 2022; Baloch and
Thapa, 2014; Guo et al., 2022b; Luo et al., 2024).

Whether farmers adopt diversified green production technol-
ogies depends on the information they have and the information
they receive from external sources. In the context of digital
transformation, the internet serves as a critical tool for infor-
mation acquisition, playing a key role in overcoming information
barriers and facilitating the flow of knowledge (Wu et al., 2023).
In recent years, researchers have increasingly focused on the
impact of IU on farmers’ adoption of green production tech-
nologies (Abdon and Raab, 2005; Zhao et al., 2022). However,
existing research has not reached a consensus on this issue.
Studies have shown that IU exerts significant impacts on the
reduction in fertilizer application rates, the adoption of green
fertilization technologies, integrated pest management, and the
intensity of agricultural carbon emission reduction (Chen et al.,
2024; Weng et al., 2023; Yuan et al., 2021). For example, Chen
et al. (2022) found that accessing agricultural production infor-
mation through the internet encourages farmers to adopt straw-
returning technology. Zhou et al. (2023) employed a hybrid
processing model under combined estimation conditions and
found that IU significantly promotes the adoption of low-carbon
farming technologies. Weng et al. (2023) found that IU influ-
enced farmers’ investment in organic fertilizer by improving
access to credit. However, some studies noted that farmers’
adoption of green production technology did not change sig-
nificantly due to IU. For instance, Ding et al. (2022) found that
internet extension services did not significantly reduce nitrogen
fertilizer application in wheat production. Na and Kang (2023)
discovered that internet users have higher fertilizer and pesticide
inputs than non-users.

In the existing research on IU and green production technol-
ogies, most scholars have examined the impact of IU on adoption
one or more green production technologies. However, empirical
evidence regarding the impact of IU on farmers’ DIGPTA
remains limited. Specifically, the mechanisms by which IU
influences farmers’ DIGPTA are unclear. Addressing this gap is
essential for promoting the widespread adoption of various
agricultural green production technologies, facilitating green
transformation in farming practices, and achieving sustainable
agricultural development.

In summary, this paper empirically analyzes the influence of IU
on farmers’ DIGPTA and its mechanism of action. Drawing on
data from the China Land Economy Survey (CLES) conducted
between 2020 and 2022, the study employs a Tobit model. This
study makes several unique contributions compared to existing
research: (1) It not only investigates whether farmers adopt
specific green production technologies, but also develops an index
system to assess farmers’ DIGPTA across the pre-production,
production, and post-production stages. (2) Existing studies have
primarily utilized simple regression models to confirm the impact
of IU on green production behavior. For instance, Zhao et al.
(2021) employed the Probit model to analyze the impact of IU on
fertilizer reduction technologies, while Ma et al. (2022b) used the
ordered Probit model to explore how IU affects farmers’
DIGPTA. However, the endogeneity of farmers’ decision-making
is often neglected. Therefore, this paper addresses the potential
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endogeneity between the two variables and employs the IV-Tobit
model to introduce instrumental variables, effectively solving this
issue. (3) Existing research has largely overlooked the mechan-
isms through which the internet influences farmers’ DIGPTA.
This paper utilizes an intermediary effect model to further ana-
lyze how decision-making preferences, environmental awareness,
and diversification risk perception influence farmers’ DIGPTA,
thereby offering more targeted suggestions to promote farmers’
DIGPTA.

The remainder of this study is organized as follows. “Theore-
tical analysis and research hypothesis” presents the theoretical
analysis and hypotheses. “Data, variables, and methods” covers
the data sources, variables, and models. “Result analysis” reports
and analyzes the empirical results. “Discussion” discusses the
implications of the findings. Finally, “Conclusions and implica-
tions” summarizes the research and discusses the policy
implications.

Theoretical analysis and research hypothesis
Impact of IU on farmers’ DIGPTA. According to the economic
man hypothesis, farmers adopt diversified agricultural green
production technologies to maximize their benefits by weighing
the associated costs and benefits before making informed deci-
sions. If the benefits of adopting such technologies outweigh their
costs, farmers are more likely to adopt them; conversely, if the
costs outweigh the benefits, farmers are less inclined to adopt
them. Information plays a crucial role in farmers’ decision-
making processes. However, farmers face several informational
barriers when adopting diversified green production technologies
(Zheng et al., 2022). On the one hand, farmers exhibit inertia due
to uncertainty regarding various green production technologies
available and their dependence on existing production methods,
which hampers farmers’ DIGPTA (Conti et al., 2021; Huang
et al., 2020). In order to transition from an initial, inefficient state
to a Pareto Optimal state, farmers must assess whether the pro-
posed changes offer an improvement, a disadvantage, or a neutral
shift compared to their current situation (Ananda and Herath,
2003). However, farmers often struggle to predict the benefits of
adopting diversified green production technologies, given their
varying levels of knowledge and other constraints (Morris et al.,
2017). Faced with uncertain returns and increasing sunk costs,
farmers stick to familiar production methods, further reinforcing
inertia in decision-making (Guo et al., 2022a). Additionally,
incomplete and asymmetric information acts as a significant
barrier to farmers’ adoption of diversified green production
technologies. The absence of information regarding benefits or
proper utilization of green production technologies complicates
farmers’ understanding of diversified technologies’ costs, benefits,
and applicability. This informational asymmetry is not solely a
result of farmers’ cognitive limitations, but is also exacerbated by
the absence of adequate information in the market economy,
contributing to the lemon market effect (Johnson, 2024; Ren
et al., 2022; Su et al., 2022).

IU offers an effective solution to overcoming barriers to
adopting diverse green production technologies. Firstly, IU
enhances farmers’ access to information channels (Deng et al.,
2019; Zheng et al., 2021), strengthens the reliability of their
information, significantly reduces uncertainty in decision-mak-
ing, and improves the rationality of their decisions (Chen et al.,
2022; Lioutas et al., 2021). Farmers can obtain extensive
information on green production technologies via the internet,
including images, short videos, and online case studies (Raj et al.,
2021). This helps them better understand the benefits of
diversifying green production technologies and move away from
inertial decision-making, ensuring more rational decision-making

outcomes. Secondly, as a medium for information dissemination,
the internet breaks down barriers to information access, improves
resource availability, and mitigates information asymmetry (Khan
et al., 2022; Nie et al., 2021). In rural China, social networks are
built on kinship and geography, and information transfer within
groups tends to follow an uneven pattern. Unlike traditional
information channels, the internet provides publicly accessible
information, allowing farmers to obtain market insights such as
agricultural product details and green production technology
services through online searches, agricultural department web-
sites, and agricultural service apps (Fabregas et al., 2019).
Compared with traditional ways of obtaining information, the
internet offers a more convenient and cost-effective solution,
helping farmers in remote areas overcome challenges in accessing
timely and comprehensive information due to geographical
constraints or transportation difficulties (He et al., 2022). Thirdly,
online platforms offer farmers access to training and opportu-
nities for interaction with agricultural technology extension
workers, experts, and other professionals (Kelly et al., 2017).
The internet provides farmers with learning opportunities
through online training programs and apps, enabling them to
quickly acquire and understand new technologies. This helps
improve their knowledge and reduces barriers to technology
adoption caused by limited expertise. Overall, the internet is
crucial in reducing information asymmetry, enhancing access to
knowledge, changing habitual decision-making, and improving
agricultural efficiency. These factors enable farmers to adopt
diverse green production technologies and promote their broader
application. Based on this premise, this paper proposes
Hypothesis 1:

H1: IU can promote farmers’ DIGPTA.

Mechanism of the impact of IU on farmers’ DIGPTA
IU and farmers’ DIGPTA: the mediating effect of decision-making
preferences. Adopting diversified green production technologies
in agriculture requires substantial initial investment, with benefits
typically accruing over an extended period. In China’s traditional
small-scale peasant economy, farmers often favor short-term
gains over long-term benefits, making them reluctant to adopt
diversified green production technologies perceived as unprofi-
table in the short term (Du et al., 2023). Income uncertainty is a
critical factor shaping farmers’ tendency toward short-term
decision-making (Mao et al., 2021). However, IU can play a
pivotal role in promoting DIGPTA by shaping farmers’ decision-
making preferences. On the one hand, the internet serves as an
essential medium for disseminating information, enabling farm-
ers to understand the advantages of DIGPTA more comprehen-
sively (Huang et al., 2022). By addressing decision-making biases
caused by information gaps, IU can help overcome farmers’
tendency to prioritize short-term benefits, facilitating a shift
toward long-term decision-making. On the other hand, IU can
employ digital platforms to broaden sales channels, facilitate
precise matchmaking with consumers (Ji et al., 2023; Liu et al.,
2022), stabilize clientele, and address the challenges of selling
green agricultural products (Sher et al., 2019), thereby further
reducing the market risks associated with green agricultural
products. Farmers are more likely to make rational long-term
decisions with a clearer understanding of market dynamics.
Farmers with long-term decision-making preferences tend to
focus more on technology sustainability and future returns,
making them more likely to adopt a broader range of green
production technologies. Therefore, this paper proposes
Hypothesis 2:

H2: IU further enhances farmers’ DIGPTA by promoting their
long-term decision-making preferences.
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IU and farmers’ DIGPTA: the mediating effect of environmental
awareness. As a new communication medium, the internet’s
information transfer model overcomes the limitations of one-way
communication inherent in traditional media. The internet’s two-
way, or even multi-directional, communication features enable
farmers to access environmental information and knowledge
easily (Hidalgo et al., 2023). Farmers use the internet to obtain
information on agricultural production, improve their environ-
mental attitudes, raise awareness, and modify their production
behaviors accordingly. At the subjective level, information on
agricultural surface pollution caused by irrational agricultural
production practices is widely shared on the internet in various
forms, such as videos, texts, and images (Li et al., 2023; Ma et al.,
2022a). This allows farmers to understand the adverse effects of
traditional farming practices, deepening their emotional engage-
ment with environmental issues. As a result, they are more
inclined to develop positive attitudes toward environmental pro-
tection and are more open to adopting various green production
technologies. Additionally, the internet has expanded farmers’
social networks (Zhu et al., 2022), making it easier for them to
exchange information about green production and encouraging
the adoption of sustainable practices (Lu et al., 2024; Niu et al.,
2022). This, in turn, fosters peer effects that promote DIGPTA. IU
subjects farmers to greater social supervision (Xu et al., 2023),
ensuring that moral public opinion promptly addresses envir-
onmentally harmful production behaviors. In other words, infor-
mation dissemination via the internet cultivates farmers’ intrinsic
motivation for environmental protection and applies social nor-
mative pressure. This shapes their environmental awareness from
subjective and objective perspectives, encouraging DIGPTA.
Therefore, this paper proposes Hypothesis 3:

H3: IU further enhances farmers’ DIGPTA by increasing their
environmental awareness.

IU and farmers’ DIGPTA: the mediating effect of diversification
risk perception. Under risk and uncertainty, risk perception is an
important factor influencing individual decision-making (Sproten
et al., 2018). Due to information asymmetry, farmers are often
biased in assessing the risks and benefits of their farming
operations (Molla et al., 2020), which leads them to make

decisions that may overestimate or underestimate potential risks.
As an information dissemination tool, the internet provides
farmers with extensive and accurate agricultural information
(Zhang et al., 2016), helping them to assess diversification risks
more comprehensively. Specifically, the internet has enabled
farmers to access information on pest and disease control, green
production techniques, and market operations (Reddy and
Ankaiah, 2005). This information transparency has helped
farmers break the traditional “information blockage” (Shen et al.,
2022) by recognizing that diversification can effectively diversify
risks and improve the stability of crop yields and economic
returns (Zou et al., 2024). In addition, the internet provides
farmers with modern risk management tools (Sarkar et al., 2023),
which enable farmers to more rationally assess the risk diversi-
fication effects of diversification and thus change their risk per-
ceptions of diversification. By gaining a deeper understanding of
the various risks in agriculture, farmers who recognize diversifi-
cation risk perception are more likely to adopt green production
technologies. This helps reduce operational uncertainty and
improves the stability and sustainability of their farming prac-
tices. Therefore, this paper proposes Hypothesis 4:

H4: IU further enhances farmers’ DIGPTA by increasing their
diversification risk perception.

In summary, IU has a significant impact on farmers’ DIGPTA.
Based on this, this paper constructs a framework for theoretical
analysis (see Fig. 1).

Data, variables, and methods
Data Sources. This paper utilizes data from the China Land
Economic Survey (CLES) conducted by Nanjing Agricultural
University in Jiangsu Province (Njau, 2021). Initiated in 2020,
CLES is subsequently expanded through studies in 2021 and
2022, building on the foundational research in Jiangsu Province.
The data is collected using the Probability Proportional to Size
(PPS) sampling method. This method involves selecting sample
counties and administrative villages across 13 prefecture-level
cities in Jiangsu Province, encompassing 52 administrative vil-
lages and 2600 farm households. The steps involved in the PPS
sampling method are as follows: (1) Two districts and counties

Fig. 1 Theoretical analysis frame diagram.
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are selected from each city using unequal probability sampling
based on the rural population size as reported in the 2010 census.
(2) Two townships are then chosen for research in each selected
district or county, again using unequal probability sampling based
on the number of administrative villages. (3) Each township
selects one administrative village, resulting in 52 research villages.
(4) A simple random sampling method selects 50 households
from each research village. The survey data spans the period from
2020 to 2022. Data screening procedures are employed to remove
missing data, significant omissions, and invalid questionnaires.
Ultimately, data from 6200 households are retained for analysis
(see Fig. 2).

Variable selection
Dependent variables. In this study, the dependent variable is
farmers’ DIGPTA. Previous research on green production beha-
vior in agriculture has predominantly focused on either the
quantity of green production or the adoption of specific green
technologies. However, less attention has been paid to farmers’
DIGPTA. This paper selects seven indices to measure common
green production technologies adopted by farmers, based on the
Technical Guidelines for Agricultural Green Development
(2018–2030) issued by China’s Ministry of Agriculture and Rural
Affairs and data from the CLES questionnaire. These indices
include arable land pollution treatment and remediation tech-
nologies, agricultural film recycling, soil testing and formula
fertilization, biological pesticide application, pesticide packaging
recycling, organic fertilizer application, and environmentally
sound livestock manure treatment. The paper adopts the liveli-
hood diversity measurement index (Ma et al., 2020; Wu et al.,
2024) to assess DIGPTA, which is based on the proportion of
agricultural green production technologies utilized by farmers

relative to the total number of available technologies. The value of
this index directly reflects the level of farmers’ DIGPTA: the
higher the index, the greater the level of farmers’ DIGPTA. The
calculation formula is as follows:

Gs ¼
Ai

A
ð1Þ

Ai represents the type of agricultural green production
technology adopted by the i farmer; A represents the total
amount of agricultural green production technology.

Table 1 presents farmers’ DIGPTA. It shows that 7.90% of
farmers adopt land pollution treatment and restoration technol-
ogy, 2.20% conduct soil tests for formula fertilization, and only
1.20% apply organic fertilizers in agricultural production.
Biological pesticide application technology has the highest
adoption rate, at 32.60%, followed by pesticide packaging recycling
at 16%. Agricultural film recycling technology and livestock
manure treatment technology account for just 1.30%. These
figures suggest that farmers’ DIGPTA needs further improvement.

Focus variables. This study builds on the research by Zhou et al.
(2023) and Zhong et al. (2023), using IU as the focus variable.
Based on the questionnaire item, “If you go online, what is the
main way to access the internet?”, this paper determines whether
farmers use the internet. If farmers select a specific internet access
method, they are assigned a value of 1; otherwise, they are
assigned a value of 0. “Do you have a smartphone at home?” is a
substitute variable for robustness testing.

Control variables. Considering the numerous factors influencing
farmers’ decisions to adopt diversified green production tech-
nologies, this study controls for variables across three dimensions:

Fig. 2 Location map of the research area.
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individual characteristics, household characteristics, and village
characteristics (Zhang et al., 2025; Zheng et al., 2022; Zhou et al.,
2023). Based on the studies by Hong et al. (2020) and Boz (2016),
individual characteristics include gender, age, education level,
health status, and employment status. Family characteristics, as
identified by Niu et al. (2022) and Zhang et al. (2024), encompass
the average family education level, family income, family health
status, family burden, the proportion of family members involved
in agriculture, land size, and whether there are party members in
the family. Village characteristics, including topography and
distance from the county seat, are measured by the village com-
mittee (Fenni et al., 2019; Xie and Gao, 2023). Finally, urban and
temporal dummy variables are included to mitigate the impact of
regional and temporal differences on the regression results.

Mediating variables. Based on the theoretical analysis of how IU
promotes farmers’ DIGPTA, this paper selects three mediating
variables: decision preference, environmental protection aware-
ness, and diversification risk perception. Drawing from the stu-
dies of Xu et al. (2024) and Zhu et al. (2024), the question
“Which investment would you prefer from the following
options?” is used to measure decision-making preference; “How
do you assess your environmental behavior?” is used to measure
environmental awareness; and “Do you consider that growing or
operating a variety of crops is generally less risky than focusing
on one crop?” is used to measure farmers’ diversification risk

perception. The definitions of specific variables are shown in
Table 2.

As shown in Table 2, farmers’ DIGPTA is only 9.19%, farmers’
current adoption of green production technology remains
relatively limited and that DIGPTA is insufficient. Regarding
IU, only 46.30% of rural farmers have access to the internet,
highlighting the still relatively low IU rate in rural areas. In terms
of individual characteristics, the average age of household heads is
61.59 years, with the majority (84.10%) being male, and 73.10%
reporting good health. Household education levels are generally
low, with only 18.80% having a high school education or above,
and 63.20% engaged in agricultural production. As for family
characteristics, 21.36% of family members have a high school
education or above, and 88.81% are in good health. The family
burden accounts for 40.92%, while family labor constitutes
29.52%. The average family income is 173,620 yuan, with an
average landholding of 6.54 mu, and 30.30% of families include
party members. Concerning village characteristics, 48.70% of
farmers live in plain areas, with the average distance from the
village committee to the county seat being 8.10 km.

Research methods
Model setting. The DIGPTA index ranges from 0 to 100, so it is
regarded as a typical truncation at both ends, that is, the expla-
natory variables are limited. Although ordinary least squares

Table 1 Composition of indicators for diversity in green production technology.

Variable Agricultural production stage Classification Mean S.D.

Diversity in green production technology Before production Farmland pollution treatment and remediation technology 0.079 0.270
During production Soil testing and formula fertilization 0.022 0.147
During production Application of organic fertilizer 0.012 0.109
During production Biological pesticide application 0.326 0.469
After production Recycling of pesticide packaging 0.160 0.367
After production Agricultural film recycling 0.015 0.120
After production Livestock waste disposal 0.013 0.115

Table 2 Variable definition and descriptive statistics.

Variables Definition Mean S.D.

Technology diversity Agricultural green production Diversity index (%) 9.187 12.895
Internet use Does the farmer’s household have internet access devices? (1=Yes; 0=No) 0.463 0.499
Head age Age of the household decision-maker 61.590 10.750
Head gender Whether the household decision-maker is male? (1=Yes; 0=No) 0.841 0.365
Head education Does the household decision-maker receive education at the high school level or above? (1=Yes;

0=No)
0.188 0.391

Head health Whether the household decision-maker is in good health? (1=Yes; 0=No) 0.731 0.443
Head job Whether the household decision-maker is engaged in agricultural production? (1=Yes; 0=No) 0.632 0.482
Family education The percentage of individuals in the household who have received education at high school level or

above (%).
21.355 23.648

Family health The percentage of individuals in good health within the total household population (%). 88.805 23.165
Family income Total household income (104 yuan) 17.362 31.874
Family burden The percentage of elderly and children in the total household population (%) 29.524 31.218
Family farm labor The percentage of individuals engaged in farming within the total household population (%) 29.524 31.218
Family land size Managing land area of rural households (mu) 6.544 23.573
Family party Is there a party member in the household? (1=Yes; 0=No) 0.303 0.460
Village terrain Whether the village is located in a plain area? (1=Yes; 0=No) 0.487 0.500
Distance The distance from the village committee to the county town. 8.104 11.027
Decision-making preference For investment activities, which situation do you prefer: 0=Only focus on immediate returns;

1=Consider both immediate and future returns
0.540 0.498

Environmental awareness Your assessment of your own environmental behavior: 1=Not environmentally friendly; 2=Average;
3=Very environmentally friendly

2.622 0.522

Diversification risk perception In general, do you believe that cultivating (operating) multiple crops carries less risk than cultivating
(operating) a single crop: 1=Yes; 0=No

0.405 0.491
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regression is commonly used for coefficient estimation, applying
it to truncated dependent variables can lead to biased and
inconsistent parameter estimates. To cope with this problem,
Tobin (1958) proposed the truncated regression model, which
uses maximum likelihood instead of ordinary least squares and is
often referred to as the Tobit model. A key feature of the Tobit
model is that the dependent variable is truncated in terms of the
values it takes and, therefore, observed in a restricted manner.
Theoretically, the maximum likelihood method can also be con-
sidered a coefficient regression method for estimating the
regression parameters in a model. Currently, many economists
have adopted the Tobit model to analyze various problems. This
study, therefore, employs the Tobit model to examine the impact
of IU on farmers’ DIGPTA. The specific model setup is as follows:

The probability distribution of the Tobit model is as follows:

PðYi ¼ 0Þ ¼ PðY�
i ≤ 0Þ ¼ P

Y�
i � βXi

σ
≤
0� βXi

σ

� �
¼ φ � βXi

σ

� �
¼ 1� φ

βXi

σ

� �

ð2Þ

PðYiÞ ¼ PðY*
i Þ ¼

1

σ
ffiffiffiffiffi
2π

p e�
ðYi�βXi Þ2

2σ2 ð3Þ

The following are the maximum likelihood estimates of the
Tobit model:

L ¼
Y

yi>0

1

σ
ffiffiffiffiffi
2π

p e�
ðyi�βxi Þ2

2σ2
Y

yi¼0
1� φ

βxi
σ

� �
ð4Þ

ln L ¼ ∑yi>0
� 1

2
ln 2πð Þ þ ln σ2 þ ðyi � βxiÞ2

2σ2
þ∑yi¼0ln 1� φ

βxi
σ

� �� �

ð5Þ
This paper selects the standard Tobit model for estimation and

sets the left-end cutoff point to 0. The regression model is
established as follows:

AGPD�
i ¼ αInterneti þ β1Xi þ εi ð6Þ

AGPDi ¼
0; otherwise

AGPD�
i ; 0≤AGPD�

i ≤ 100

�
ð7Þ

Where AGPDi is the DIGPTA index of the i th farmer; α andβ1
are the parameters to be estimated；Interneti indicates whether
to use the internet;Xi is the control variable that affects farmers’
DIGPTA index；εi is a randomized perturbation term.

Model endogeneity. Indeed, there is reverse causality between IU
and farmers’ DIGPTA. As farmers adopt a range of green pro-
duction technologies, they may increase their IU to access addi-
tional technical information. Moreover, the model may omit
variables correlated with other explanatory variables due to the
challenge of controlling for all factors influencing farmers’
DIGPTA. Consequently, this paper adopts the instrumental
variable approach (IV-Tobit) to address model endogeneity.
According to peer effect theory, individual choices are influenced
by the decisions of others within their social networks (Zhuang
et al., 2021). To reduce the decision-making risk associated with
incomplete information, people tend to learn from others’ deci-
sions or behaviors to reduce uncertainty (Xu et al., 2020).
Building on this theory, this study follows the methodology of
Deng et al. (2021) and Yu et al. (2023), selecting “the proportion
of IU among other farmers in the village, excluding the local
household” as the instrumental variable for IU. An increase in
village-wide IU will likely lead to a higher propensity for indivi-
duals in the vicinity to use the internet, thus influencing their
decisions regarding IU by the relevant conditions. Furthermore,
since the IU data are collected at the village level, they generally

do not directly impact farmers’ DIGPTA, thus meeting the
homogeneity condition.

Intermediary effect model. In this paper, following the stepwise
regression method proposed by Baron and Kenny (1986), the
following model is constructed to test the mediation effect:

AGPDi ¼ λ0 þ λ1Interneti þ λ2Controlsi þ ηi ð8Þ

Mediai ¼ θ0 þ θ1Interneti þ θ2Controlsi þ εi ð9Þ

AGPDi ¼ δ0 þ δ1Interneti þ δ2Mediai þ δ3Controlsi þ υi ð10Þ
Where AGPDi represents the DIGPTA index of the i th farmer,
Interneti indicates whether the i th farmer uses the inter-
net；Mediai stands for decision-making preference, environ-
mental awareness, and diversification risk perception;Controlsi
and represents a set of control variables. Equation (8) examines
the overall effect, Eq. (9) focuses on the intermediary effect, and
Eq. (10) incorporates both core explanatory variables and inter-
mediary variables into the model to analyze their combined
impact on farmers’ DIGPTA. The mediating effect is the product
of coefficients θ0 andδ2.

Result analysis
Baseline regression. The estimated results of the model are
presented in Table 3. Models 1 through 5 show the sequential
model estimation results, which progressively incorporate the
province dummy variable, time dummy variable, personal char-
acteristics of the household decision-maker, family character-
istics, and village characteristics. Model 6 presents the marginal
effect calculated from the estimation results of Model 5. The
findings indicate that the Wald chi-square test for all six models
reaches the 1% significance level, confirming the validity of the
regression analysis. Furthermore, the coefficient for IU is sig-
nificantly positive in all models (from Model 1 to Model 6). The
marginal effect results from Model 6 suggest that IU positively
influences farmers’ DIGPTA at the 1% significance level. As IU
increases by one unit, the farmers’ DIGPTA index rises by
53.10%.

From individual characteristics, age, gender, and health status
significantly influence DIGPTA. The age of household decision-
makers is negatively associated with the farmers’ DIGPTA index
(at the 1% significance level). The gender of the household
decision-maker positively influences farmers’ DIGPTA index (at
the 1% significance level), suggesting that men are more likely
than women to adopt a broader range of green production
technologies. The health status of household decision-makers also
positively affects farmers’ DIGPTA (at the 10% significance level),
indicating that healthier farmers are more inclined to adopt
various green production technologies. At the family level, the
average household education level (at the 10% significance level),
household income (at the 1% significance level), household
burden (at the 1% significance level), the proportion of household
members engaged in agriculture (at the 1% significance level), and
land scale (at the 1% significance level) all significantly influence
farmers’ DIGPTA. Additionally, the distance from the village to
the county seat negatively influences farmers’ DIGPTA at the 5%
significance level, suggesting that greater distance from the county
seat hinders the adoption of diversified green production
technologies.

Endogeneity test. Table 4 presents the results of the endogeneity
test using the IV-Tobit model, with the instrumental variable
being the “percentage of IU in the village among farmers other
than the local household.” In the first stage, the coefficient of this
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instrumental variable is significant at the 1% level. Additionally,
the F-statistic from the weak instrument test exceeds the critical
value of 10, thereby rejecting the hypothesis of a weak instrument
and indicating that it is not weak. The second stage of the Wald
test (chi2) rejected the hypothesis of “exogenous variables in the
model” at the 5% significance level, showing that IU is identified
as an endogenous variable, underscoring the importance of using
instrumental variables to mitigate the endogeneity problem.
Furthermore, results from this method show that the direction of
the coefficients in the model is consistent with those from the
baseline regression, further supporting Hypothesis H1.

Robustness test. Four distinct testing methods are employed to
assess the robustness of the findings, with the results presented in
Table 5. In Model (1), the dependent variable is substituted, as
previous studies typically measure green production behavior by
adopting green technologies. A higher number of adopted tech-
nologies generally reflects greater farmers’ DIGPTA. Therefore,
this paper replaces the explanatory variable with the total count of
adopted green technologies. In Model (2), smartphone ownership
is used as a replacement for the independent variable; in Model
(3), regression analysis is conducted using a subsample; and in
Model (4), the IV-Reg model is applied. From the regression

results in Table 5, it can be seen that IU has a significant positive
impact on farmers’ DIGPTA, whether in terms of replacement
variables, sample size, or model, which indicates the results’
robustness.

Heterogeneity analysis. Table 6 presents the results of the het-
erogeneity analysis based on generational differences. Following
the classification proposed by Xie and Huang (2021), farmers
born after 1970 are categorized as new-generation farmers, while
those born before 1970 are classified as old-generation farmers.
Models 1 and 2 in Table 6 use the Tobit baseline model, while
Models 3 and 4 apply IV-Tobit models with instrumental vari-
ables. The SUEST test is used to assess whether there are sig-
nificant differences in coefficients between the two groups. The
p-values from the SUEST test are 0.062 and 0.071, both sig-
nificant at the 10% level, indicating a substantial coefficient dif-
ference between the two groups. This suggests generational
differences in the impact of IU on farmers’ DIGPTA. In the
baseline model, IU significantly influences DIGPTA among new-
generation farmers, while it has no significant effect on old-
generation farmers. After addressing endogeneity with the IV-
Tobit model, the results reveal that IU continues to exert a greater
impact on farmers’ DIGPTA among new-generation farmers than
old-generation farmers.

Intermediate effect test. Findings from the aforementioned study
conclusively demonstrate that IU significantly and positively
impacts farmers’ DIGPTA. However, the underlying mechanism
remains unclear and requires further investigation. This study
first examines the role of decision-making preferences in med-
iating IU’s impact on farmers’ DIGPTA, with results presented in
Table 7. Column (1) of Table 7 presents the baseline model,
evaluating the relationship between IU and farmers’ DIGPTA.
Column (2) examines IU’s impact on farmers’ decision-making
preferences, indicating a significant increase in such preferences
due to IU. Column (3) demonstrates that when both IU and
decision-making preferences are included in the regression
equation assessing farmers’ DIGPTA, both variables remain
positively correlated with DIGPTA. This suggests that decision-

Table 3 Baseline regression.

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

Internet use 1.341*** (4.089) 1.867*** (5.941) 1.144*** (3.346) 0.933*** (2.720) 0.939*** (2.738) 0.531*** (2.737)
Head age −0.128*** (−7.353) −0.090*** (−4.637) −0.090*** (−4.612) −0.051*** (−4.608)
Head gender 1.564*** (3.651) 1.158*** (2.719) 1.150*** (2.700) 0.650*** (2.699)
Head education −0.973** (−2.363) −0.617 (−1.278) −0.597 (−1.236) −0.338 (−1.236)
Head health 1.257*** (3.487) 0.788* (1.956) 0.771* (1.914) 0.436* (1.914)
Head job 1.867*** (5.293) 0.387 (0.986) 0.367 (0.935) 0.207 (0.935)
Family education −0.015* (−1.817) −0.015* (−1.817) −0.009* (−1.817)
Family income 0.006*** (4.352) 0.006*** (4.294) 0.003*** (4.293)
Family burden −0.018*** (−2.938) −0.018*** (−2.935) −0.010*** (−2.934)
Family farm labor 0.043*** (7.541) 0.043*** (7.507) 0.024*** (7.493)
Family health 0.010 (1.240) 0.009 (1.211) 0.005 (1.211)
Family land size 0.039*** (5.941) 0.039*** (5.955) 0.022*** (5.958)
Family party 0.279 (0.802) 0.308 (0.885) 0.174 (0.885)
Village terrain 0.551 (0.887) 0.311 (0.887)
Distance −0.074** (−2.305) −0.042** (−2.304)
Constant 8.566*** (38.400) 2.193*** (3.843) 6.986*** (5.529) 5.096*** (3.693) 5.090*** (3.689)
City dummies No Yes Yes Yes Yes Yes
Year dummies No Yes Yes Yes Yes Yes
ll −24,641.161 −24,275.869 −24,232.780 −24,167.757 −24,164.892 −24,164.892
chi2 16.695*** 747.279*** 833.456*** 963.502*** 969.233*** 969.233***

N 6200 6200 6200 6200 6200 6200

t statistics in parentheses; *p < 0.10, **p < 0.05, ***p < 0.01.

Table 4 Endogeneity test.

Model (1) Model (2)

First stage Second stage

Peer 0.487*** (8.801)
Internet use 24.568*** (3.161)
Control variables YES YES
City dummies YES YES
Year dummies YES YES
F statistics 62.002***

Wald test of exogeneity (chi2) 9.940**

N 6200 6200

t statistics in parentheses; **p < 0.05, ***p < 0.01.
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making preferences serve as a mediator between IU and farmers’
DIGPTA. Specifically, IU’s coefficient for farmers’ DIGPTA
decreases from 0.939 to 0.893 after incorporating mediator vari-
ables. Moreover, the proportion of the mediation effect amounts
to 11.90%, indicating that 11.90% of IU’s influence on farmers’
DIGPTA can be attributed to its impact on long-term decision-
making preferences. Thus, Hypothesis 2 is supported. A plausible
explanation is that IU provides farmers with abundant and
diverse information channels, facilitating easier access to the latest
green production technologies and related information (Zhang et
al., 2016). Farmers are exposed to numerous new technologies
and methods through long-term IU, gradually shaping decision-
making preferences toward adopting a broader range of green
production technologies.

Secondly, this paper examines the mediating effect of
environmental awareness on IU concerning farmers’ DIGPTA,
with the results presented in Table 8. According to Table 8,

column (1) is a baseline model to test the effect of IU on farmers’
DIGPTA, and column (2) investigates the impact of IU on
farmers’ environmental awareness. Column (3) incorporates IU
and environmental awareness into the regression equation for
farmers’ DIGPTA. Both factors are positively correlated with
farmers’ DIGPTA. This suggests that environmental awareness is
an intermediary between IU and farmers’ DIGPTA. Specifically,
after introducing the mediating variables into the model, the
impact coefficient of IU on farmers’ DIGPTA decreased from
0.939 to 0.871, and the mediating effect accounted for 6.79%, that
is, 6.79% of the impact of IU on farmers’ DIGPTA is achieved by
affecting farmers’ environmental protection cognition. Therefore,
Hypothesis 3 is examined. The internet provides extensive
knowledge about environmental protection. Simultaneously, news
and reports on environmental pollution and ecological destruc-
tion circulated via the internet can heighten farmers’ awareness of
environmental issues (Xu et al., 2023). Through the internet,

Table 5 Robustness analysis.

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

Substitute for the dependent
variable

Substitute for the independent
variable

Subsample regression:
(year= 2020)

Substitute model:
IV-Reg

Internet use 0.066*** (2.738) 1.281*** (2.605) 11.280*** (3.419)
Smartphone 2.085*** (4.368)
Control variables YES YES YES YES
City dummies YES YES YES YES
Year dummies YES YES YES YES
ll −7677.480 −24,159.113 −9956.952
chi2 969.233*** 980.790*** 417.255*** 920.149***

N 6200 6200 2619 6200

t statistics in parentheses; ***p < 0.01.

Table 6 Heterogeneity analysis.

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

New-generation Old-generation New-generation Old-generation

Internet use 2.492*** (2.679) 0.562 (1.506) 55.341*** (2.755) 17.101* (1.835)
Control variables Yes Yes Yes Yes
City dummies Yes Yes Yes Yes
Year dummies Yes Yes Yes Yes
ll −4080.413 −20,058.975 −2909.320 −14,280.492
chi2 241.608*** 764.672*** 160.147*** 705.599***

N 1043 5157 1043 5157
SUEST test 3.472* (0.062) 3.270* (0.071)

t statistics in parentheses; *p < 0.10, ***p < 0.01.

Table 7 Analysis of the intermediary mechanism of decision-making preferences.

Mechanism 1: Internet use → Decision-making preference → Technology diversity

(1) (2) (3)

Technology diversity Decision-making preference Technology diversity

Internet use 0.939*** (2.738) 0.184*** (5.024) 0.893*** (2.599)
Decision-making preference 0.647** (2.065)
Control variables YES YES YES
City dummies YES YES YES
Year dummies YES YES YES
chi2 969.233*** 379.522*** 973.494***

N 6200 6200 6200

t statistics in parentheses; **p < 0.05, ***p < 0.01.
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farmers gain insights into the significance of environmental
protection, and the benefits of green production technology, and
recognize the necessity of adopting such technology to mitigate
environmental degradation. Consequently, this knowledge
enhances farmers’ environmental awareness and consequently
fosters their willingness to embrace diverse green production
technologies.

Additionally, the mediating effect of diversification risk
perception in IU on farmers’ DIGPTA is tested and the results
are shown in Table 9. Table 9 illustrates the baseline model in
column (1), which assesses the impact of IU on farmers’
DIGPTA. Column (2) explores the influence of IU on farmers’
diversification risk perception, revealing a significant enhance-
ment in farmers’ diversification risk perception due to IU.
Column (3) reveals that after including IU and diversification risk
perception in the regression equation for assessing farmers’
DIGPTA, they positively correlate with such diversity. This
suggests that diversification risk perception is an intermediary
between IU and farmers’ DIGPTA. Specifically, after introducing
the mediating variable into the model, the coefficient representing
the influence of IU on farmers’ DIGPTA decreased from 0.939 to
0.876. The mediating effect accounts for 16.84%, suggesting that
16.84% of the influence of IU on farmers’ DIGPTA is explained
by its impact on farmers’ diversification risk perception.

Hypothesis 4 is supported. A reasonable explanation is that
diversified planting is an effective means for farmers to reduce
risks (Chen et al., 2023). IU can affect farmers’ diversification risk
perception of different agricultural management methods. Farm-
ers who prefer agricultural diversification and believe that
diversification risks are low tend to have higher risk perceptions
(Kiani et al., 2021). However, when farmers operate multiple
crops, they may face the risk of managing multiple crops, and
farmers need to adopt more green production technologies to
cope with the risks of agricultural diversification (Fang et al.,
2021). As farmers recognize the multifaceted risks involved in
agricultural operations, heightened diversification risk perception
encourages them to enhance DIGPTA.

Discussion
Encouraging farmers in rural areas of developing countries to
adopt diverse green production technologies is challenging due to
limited awareness. This study finds that farmers’ DIGPTA in
China is only 9.19%, indicating that the current adoption of green
production technologies is relatively homogeneous, and DIGPTA
remains insufficient. Despite various policies and initiatives pro-
moting green technology diffusion, China’s adoption rate falls
short of expectations. This study shows that IU significantly
enhances farmers’ DIGPTA, aligning with the findings of Ma et
al. (2022a) and Zhao et al. (2021). In the global push for envir-
onmentally sustainable development, the internet, a key compo-
nent of information and communication technologies, is crucial
in increasing DIGPTA in rural areas. As an essential information
access channel, the internet enables farmers to access information
on various green production technologies quickly, helping them
understand the benefits of adopting diversified green production
methods (Mapiye et al., 2023), such as improving production
efficiency and reducing environmental impacts (Yang et al.,
2024). This increased awareness motivates farmers to adopt these
technologies to maximize utility. Furthermore, the internet fosters
information sharing and interaction among farmers. Farmers can
exchange experiences and success stories through online plat-
forms, overcoming geographical and social barriers (Bowen and
Morris, 2019). This mechanism enriches farmers’ knowledge and
builds trust and recognition of diversified green production
technologies, encouraging their adoption. The internet also pro-
vides learning opportunities for farmers. Farmers can easily learn
about new technologies through online training and application
channels, improving their knowledge (Deng et al., 2024). This
mitigates adoption barriers related to insufficient knowledge and
increases their willingness to experiment with and apply diver-
sified green production technologies. Therefore, hypothesis 1 is
confirmed.

However, research on the mechanisms through which IU
influences farmers’ DIGPTA remains limited. This empirical
study finds that IU can promote farmers’ DIGPTA in three
pathways: enhancing long-term decision-making preferences,
environmental awareness, and perceptions of diversified opera-
tional risks. This study makes a significant contribution to the
existing literature in this field. Further research suggests that IU
has a greater impact on DIGPTA among new-generation farmers,
who generally have higher education levels, greater technology
acceptance, and more frequent engagement with IU (Pianchar-
oenwong and Badir, 2024). These factors increase their likelihood
of accessing and adopting information about diverse green pro-
duction technologies. Moreover, the widespread use of the
internet has improved information dissemination efficiency,
enabling new-generation farmers to quickly understand the
benefits, application cases, and policy support for adopting such
technologies (Gao et al., 2020), further boosting their willingness

Table 8 Analysis of the intermediary mechanism of
environmental awareness.

Mechanism 2: Internet use → Environmental
awareness → Technology diversity

(1) (2) (3)

Technology
diversity

Environmental
awareness

Technology
diversity

Internet use 0.939***

(2.738)
0.060*** (4.118) 0.871**

(2.539)
Environmental
awareness

1.131***

(3.803)
Control variables YES YES YES
City dummies YES YES YES
Year dummies YES YES YES
chi2 969.233*** 326.891*** 983.676***

N 6200 6200 6200

t statistics in parentheses; **p < 0.05, ***p < 0.01.

Table 9 Analysis of the intermediary mechanism of
diversification risk perception.

Mechanism 3: Internet use →Diversification risk
perception → Technology diversity

(1) (2) (3)

Technology
diversity

Diversification
risk perception

Technology
diversity

Internet use 0.939***

(2.738)
0.243*** (6.570) 0.876**

(2.546)
Diversification
risk perception

0.693**

(2.156)
Control variables YES YES YES
City dummies YES YES YES
Year dummies YES YES YES
chi2 969.233*** 502.221*** 973.880***

N 6200 6200 6200

t statistics in parentheses; **p < 0.05, ***p < 0.01.
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to adopt them. In contrast, older-generation farmers may lag in
their IU and lack familiarity with emerging green technologies,
resulting in a lower willingness to adopt diversified green
technologies.

This study has several limitations: (1) The research is confined
to China, which makes the findings region-specific. Future
research could examine whether these conclusions are applicable
to other developing countries. (2) It is important to note that the
data used in this study rely on the recollections and statements of
the interviewed farmers, which may be influenced by biases such
as recall bias and social desirability bias.

Conclusions and implications
Conclusions. Promoting sustainable agricultural development
has become a critical issue in the context of China’s “dual carbon”
strategy. Advancing diversified green production technologies is a
key strategy for achieving this goal. These technologies reduce
agricultural carbon emissions and support low-carbon develop-
ment in rural areas. They help mitigate environmental pollution
from agricultural waste and chemical use while improving rural
ecosystems. Additionally, the production of green agricultural
products provides farmers with opportunities to enhance both
productivity and income. However, ensuring farmers’ DIGPTA
remains an urgent challenge. As China advances its “digital
countryside” initiative, the development of internet technology
offers new opportunities for promoting these technologies. Using
micro-survey data from the China Land Economic Survey (CLES)
conducted between 2020 and 2022, this paper employs the IV-
Tobit model to examine the impact of IU on farmers’ DIGPTA
and its causal pathways. The key findings of this study are as
follows:

(1) Regarding IU, only 46.30% of farmers are internet users,
indicating that the internet adoption rate in rural areas remains
relatively low.

(2) A significant positive correlation exists between IU and
farmers’ DIGPTA, and this relationship holds after conducting
robustness tests. Further heterogeneity analysis reveals that IU
has a stronger impact on DIGPTA among new-generation
farmers than old-generation farmers.

(3) IU can promote farmers’ DIGPTA by improving their
decision-making preferences, environmental awareness, and
diversification risk perception.

Policy implications. Based on the above conclusions, some policy
implications can be drawn: (1) Expanding internet access. The
government should increase investment in rural internet infra-
structure, prioritizing the expansion of coverage in less developed
areas. Although most rural areas have internet access, farmers’
use rates remain low. Therefore, broadband coverage should be
expanded, network signals optimized, internet speeds increased,
and access fees reduced. These measures will ensure stable and
fast internet access for farmers, helping to bridge the “digital
divide.” (2) Strengthen internet literacy training. Free or low-cost
digital technology training should be offered to enhance their
capabilities to address the lack of IU skills in rural areas, parti-
cularly among older farmers. Through cooperatives, agricultural
extension stations, and other organizations, provide targeted
training on integrating green agricultural production with digital
technology, helping farmers incorporate the internet into their
green production practices. (3) Developing and enhancing poli-
cies. The government should introduce policies and regulations
that define the internet’s role in green agricultural production,
outline specific application scenarios, and facilitate technology
adoption. These policies should be accompanied by extensive
public outreach and education efforts to help farmers understand

and embrace these technologies. Regular training sessions and
policy explanations will enhance farmers’ knowledge of diversi-
fied green production technologies, particularly regarding the
market potential and long-term benefits of green agricultural
products. (4) Promoting digital agriculture platforms. Share
specific environmental cases, scientific research findings, and
successful practices in green agricultural technologies, encoura-
ging farmers to actively exchange their experiences. Additionally,
the government can offer financial subsidies or risk-sharing
mechanisms to alleviate farmers’ economic burden, boost their
confidence in adopting new technologies, and promote their
DIGPTA.

Data availability
Data will be made available on request.
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