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In the context of rural revitalization, farmland transfer for the purpose of scale
operation has not significantly promoted green agricultural development, and it
is urgent to find ways to further promote farmland transfer-in to achieve chemical
fertilizerreduction. Using the data of 1,298 farmers surveyed inthe 2020 China Rural
Revitalization Survey, this paper incorporates digital extension into the analytical
framework between farmland transfer-in and chemical fertilizer reduction,
analyzing their relationship in-depth. The results showed that: (1) From the basic
regression results, farmland transfer-in and digital extension significantly reduced
farmers’ chemical fertilizer application. (2) From the influence mechanism, digital
extension played a negative moderating role in the effect of farmland transfer-
in on chemical fertilizer application, reinforcing the chemical fertilizer reduction
effect of farmland transfer-in. (3) From the heterogeneity analysis, farmland
transfer-in has no significant heterogeneity in food function areas, but there is
heterogeneity in different terrain and fertilizer dosage. (4) In terms of the scale
of farmland transfer-in, when the area of transferred farmland was less than 100
mu, farmland transfer-in significantly reduced chemical fertilizer application;
otherwise, farmland transfer-in did not achieve chemical fertilizer reduction.
The above findings provide a reference for promoting moderate-scale farmland
transfer and synergistic construction of farmland scale operation and digital
extension.

farmland transfer-in, digital extension, chemical fertilizer, food production, moderate
scale

1. Introduction

The overuse of chemical fertilizers has severe impacts on human health and the environment.
According to Chen et al. (2014) and Chaudhary et al. (2021), excessive fertilizer use not only
leads to water pollution and poses a direct threat to human health, but also aggravates
greenhouse gas emissions by inhibiting soil carbon sequestration. In China, the problem of
excessive fertilizer application and inefficient use is prominent. China had 8% of the world’s
farmland but consumed 25% of chemical fertilizer (Xinhua News Agency, 2015). According to
statistics (NBSC, 1979-2022), Chemical Fertilizer Application (CFA) increased from 58.89 kg/
ha in 1978 to 307.73 kg/ha in 2021, which is much higher than the universal safety standard (225

01 frontiersin.org


https://www.frontiersin.org/journals/sustainable-food-systems
https://www.frontiersin.org/journals/sustainable-food-systems
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fsufs.2023.1231574%EF%BB%BF&domain=pdf&date_stamp=2023-07-26
https://www.frontiersin.org/articles/10.3389/fsufs.2023.1231574/full
https://www.frontiersin.org/articles/10.3389/fsufs.2023.1231574/full
https://www.frontiersin.org/articles/10.3389/fsufs.2023.1231574/full
https://www.frontiersin.org/articles/10.3389/fsufs.2023.1231574/full
https://www.frontiersin.org/articles/10.3389/fsufs.2023.1231574/full
mailto:qiaoshiyan2000@163.com
https://doi.org/10.3389/fsufs.2023.1231574
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/sustainable-food-systems#editorial-board
https://www.frontiersin.org/journals/sustainable-food-systems#editorial-board
https://doi.org/10.3389/fsufs.2023.1231574

Lietal.

kg/ha). However, excessive CFA is not conducive to food productivity
(Krugman, 1994). The average annual growth rate of CFA in China
was 9.83% during 1978-2021, while the average annual growth rate of
food yield was only 2.85% (NBSC, 1979-2022). It is evident that a high
CFA is not an effective way to achieve sustainable agricultural
development (Huang and Jiang, 2019). Therefore, exploring how to
achieve Chemical Fertilizer Reduction (CFR) in China is essential.

Chinese farmland operations are narrow and fragmented, and
farmers have little incentive to invest in advanced technology and
machinery, hence, preferring to increase CFA to maximize land
yields (Lin, 1992; Zhong and Ji, 2009). In the last decade, China has
implemented the system for separating the ownership rights,
contracting rights, and management rights, which provides the
institutional basis for transferring farmland. Farmland transfer
refers to farmers transferring management rights of their contracted
land to other farmers or economic organizations through legal
forms. In this regard, promoting Farmland Transfer-in (FTI) may
be a solution to reduce CFA (Huan and Zhan, 2022). After
transferring into farmland, farmers can expand agricultural output
by inputting material factors such as land and capital. This will
motivate farmers to make long-term production investments,
including adopting green fertilization technologies and improving
mechanization, thus eventually reducing CFA (Ju et al., 2016; Wu
etal, 2018; Zhong et al., 2021). Therefore, promoting FTT is a crucial
way to achieve CFR. With the rural revitalization strategy
implemented, the rate of FTT in China has achieved a large increase
(Xiao and Luo, 2023). According to the China Agricultural Yearbook
(MAC, 2011, 2021), the farmland transfer area in China was 532
million mu in 2020, an increase of 326.62% compared to 2010,
however, the CFA only decreased by 9.42% (NBSC, 2011-2021). It
is not difficult to find that FTT has not dramatically reduced CFA,
indicating a mismatch between the rapid development of FTI and
the slow decline of CFA in China, and the intrinsic motivation of
large-scale farmland operations to reduce CFA still needs to
be improved. In response, we cannot help but ponder whether FTT
can reduce CFA in the context of liberalizing farmland management
rights. Whether a new path can be found to promote the CFR effect
caused by the FTI further? If so? What are the possible
theoretical mechanisms?

The existing literature focus on the relationship between FTT and
CFA (Juetal, 2016; Wu et al.,, 2018; Liang et al., 2020), ignoring an
important condition: the substantial reduction in CFA through
farmland scale operation needs to depend on the new agricultural
business entities (large professional households, family farms, farmer
cooperatives and leading agricultural enterprises; Xiao and Luo, 2023).
However, up to now, the participants of FIT are mainly smallholder
farmers (People’s Daily, 2022). Due to human capital constraints,
smallholder farmers fertilizer-increasing behavior inertia will
be solidified with the risk of introducing new technologies, which can
prevent their need to adopt fertilizer-reducing technologies and
hinder the fertilizer-reducing process in the transfer of farmland.
Regarding how to improve the human capital of smallholder farmers,
it has been suggested that traditional technology training can increase
the human capital of most farmers and improve their perception of
the advantages and disadvantages of CFA, but FTT weakens the CFR
effect of technology training (Liu et al., 2022). Evidently, traditional
agricultural technology training has yet to truly motivate farmers of
transferring to farmland to adopt green technologies (You and Wu,
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2010). Therefore, there is an urgent need to find an effective way that
promotes FTT to reduce CFA.

Compared with traditional technology training, new Digital
Extension (DIE) can overcome temporal and spatial constraints,
customize production advice for farmers, truly alleviate information
asymmetry, and facilitate farmers to optimize resource allocation
(Dzanku et al., 2020; Mao et al., 2022). Currently, digital technologies
have improved the “digital divide” in rural areas at the stage of Internet
access and use (Chipeva et al., 2018). This alleviated the dual resource
and information constraints in the lives of farm households and
influenced their production decisions. Moreover, DIE relies on the
advantages of information and communication technology such as
providing farmers with timely and effective technology adoption advice
based on local climate and resources, and guiding farmers to apply
chemical fertilizer effectively and efficiently (Saito et al., 2015). More so,
DIE can broaden information channels to provide market demand
information, and improve farmers’ perception of the economic benefits
of CFR, thus incentivizing farmers to reduce CFA to meet market
demand (Chen et al, 2023). The mentioned studies suggest that DIE
may further contribute to the CFR effect caused by the FTT, but do not
establish the linkage between FT1, DIE, and CFR. Therefore, this paper
attempts to integrate DIE into the analytical framework between FTT and
CFR, providing areference for promoting green agricultural development.

Based on the data of 1,298 farmers surveyed in the 2020 China
Rural Revitalization Survey, this paper explores the relationship
among FTT, DIE, and CFR from theoretical and empirical perspectives.
Compared with existing studies, the marginal contributions of this
paper are: First, observing the mismatch between the rapid
advancement of FTT and slow progress of CFR, from the perspective
of DIE, this study empirically examines its moderating role between
FTTand CFR, and provides a new way for FTT to promote CFR better.
Second, according to the theories of “tramsaction cost” and
“information dissemination,” this paper constructs a theoretical
framework of FTI, DIE, and CFR, and complements the influence
mechanism of FTT on CFR. Third, we explore the impact of different
transfer-in farmland scales on farmers’ CFA, and provide policy
implications for moderate-scale farmland transfer. Finally, this paper
used the Bayesian Additive Regression Tree (BART) algorithm to
mitigate endogeneity, optimizing the problems of existing studies
using the Propensity Score Matching method, and improving the
accuracy of causal identification.

The remainder of this paper is structured as follows. The second
section explains the concept of DIE and presents the research
hypothesis based on the theoretical analysis. The third section
describes data sources, model construction, the indicators constructed
from the data, followed by some descriptive statistics, The fourth
section comprises of the empirical analysis and discussion of the
results. The paper ends with making some concluding remarks and
presenting policy implications.

2. Concept definition and theoretical
analysis
2.1. Concept definition

Digital extension refers to spreading information, technology,
products, and services through Internet technology and digital
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interactive media, with characteristics such as various forms,
minimized cost, and personalized service (Oyinbo et al., 2021; Mao
etal., 2022). DIE is not currently measured uniformly. For example,
most micro studies use a single information and communication
device to measure DIE (Hiibler and Hartje, 2016; Ma and Wang, 2020;
Yuan et al, 2020), while macro studies use regional Internet
penetration to represent it (Chen et al., 2023). However, the above
studies do not meet the various feature of extension forms. For
instance, smartphones, tablets, or computers can be used as
information dissemination media to conduct DIE. Furthermore, the
interaction between humans and technology is the key to the value of
technology. DIE can provide personalized service by increasing the
effectiveness of interaction with various forms, but personalized
service is often neglected (Ficlke et al., 2021; McCampbell et al.,
2021). In order to overcome the shortcomings of existing studies, this
paper uses “whether the network information can meet the daily needs
of production and life” to measure DIE. The reasons are as follows: For
various forms, network accessibility can support multiple devices
such as smartphones, tablets, and computers. For personalized
service, we match it with “whether information can meet the
daily needs?

2.2. Farmland transfer-in and chemical
fertilizer reduction

Due to agricultural factors with more people and little land,
Chinas farmland is dominated by small-scale and fragmented
operations (Liang et al, 2020), which restricts agricultural
modernization. To solve the problem, the government has
continuously improved the farmland system and moderately
which has affected CFR in

agricultural production.

promoted FTI, profoundly

After farmers transfer into farmland, the expansion of farmland
scale reduces the average production cost, improves agricultural
production efficiency by changing factor inputs, and promotes
CEFR. For one thing, green fertilization techniques are introduced to
reduce CFA. The fixed cost of green fertilizer technologies is high,
limiting farmers’ willingness to adopt them. However, FTI improves
the economies of scale in agricultural production and motivates
farmers to adopt high-quality fertilizers to get long-term returns (Wu
etal, 2018), so farmers who transfer into farmland are more likely to
adopt green fertilization techniques. Balanced fertilization, formula
fertilization by soil testing, and organic fertilizer replacing chemical
fertilizer meet the nutritional needs of crops and also increase chemical
fertilizer utilization rate and avoid excessive use (Ye et al., 2020).
Another thing is the upgrading of agricultural mechanization level to
achieve CFR. FTT optimizes field roads through plot consolidation, and
similarly offers agricultural machinery convenient conditions, such as
2020). Therefore,
compared with those who do not transfer to farmland, farmers who

the fertilizer application machine (Liang et al,

transfer to farmland usually are more willing to use agricultural

machinery (Paudel et al., 2019; Qing et al., 2023). Hence, the fertilizer

dosage of the fertilizer application machine is fixed per unit of time and

area by standardized operation, which is conducive to CFA.
Therefore,

Hypothesis 1 is put forward: FTT is beneficial to achieving CFR.
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2.3. Farmland transfer-in, digital extension,
and chemical fertilizer reduction

In Section 2.1, the theoretical analysis implicitly assumes that the
transaction relationship is stable enough and farmers are “perfectly
rational” For the former, Wang and Gu (2016) argued that the
management and contracting rights of transfer-in farmland have
dispersed, and have affected the transaction relationships of farmland
transfer subjects and caused higher transaction costs, so achieving
moderate-scale farmland management is long-term and challenging.
Specifically, farmers who transfer out of farmland to non-farm
employment still consider farmland as a backroad with both
production resources and social security (You and Wu, 2010); owing
to the instability of management rights, farmers who transfer into
farmland may increase CFA to reduce the expected risk (Lu et al.,
2019; Hu et al., 2021). For the latter, according to the risk decision
theory, farmers are “finite rational persons” (Liu et al., 2022). FTTis an
agricultural investment, and CFR technologies will expose returns to
uncertain risks, so over-inputting fertilizer is farmers habitual
behavior (Deaton et al,, 2018). The drawbacks, including high
transaction costs causing inconsistent rights holders and potential
risks in adopting CFR technologies, hinder the possibility of further
CEFR through FTT, which may explain the mismatch between the rapid
advancement of FTT and the slow progress of CFR.

For reducing transaction costs and improving farmers’ risk
perceptions in FTI, several studies have concluded that Internet use
can expand farmers’ social networks, reduce transaction costs, and
thus promote FTT (Wu et al., 2012; Zhang et al.,, 2022). Mao et al.
(2022) found that DIE can improve perceptions of CFR and enhance
green fertilization technology alternatives to CFA, and prompted
farmers to green production. These studies provide a reference for this
paper to verify that DIE may further promote FTI to realize
CFR. However, they did not investigate the influence mechanism
between the three. Therefore, we will construct a theoretical
framework of FTI, DIE, and CFR according to the theory of
“transaction cost” and “information dissemination”

Based on the “transaction cost” theory, market information is
incomplete. Under the limited information, the transaction cost of
the traditional farmland transfer market is high (Li et al., 2023),
which inhibits farmers from adjusting the farmland’s scale
corresponding to their management ability. However, DIE, with wide
spatial coverage and cost minimization (Mao et al., 2022), breaks
through the spatial and temporal limitations in the farmland market,
and places farmland transfer transactions on the accessible
information. So, DIE not only reduces the search cost in the
transaction process but also improves farmers’ bargaining power by
expanding the transaction scope, and thus promoting FTIT on a
moderate scale. After transferring to farmland, the scale of farmland
can reach the threshold of socialized services, making it possible to
accelerate CFR through socialized services (Zhong et al., 2021). In
the traditional socialized service market, the supply (socialized
service organizations), and the demand (farmers transferring into
farmland) cannot be matched effectively due to information
asymmetry. Fortunately, on the one hand, DIE can take advantage of
technology interaction and service radius expansion to provide
technology and service display platforms for farmers, thus enhancing
their autonomous selectivity and reducing the search and bargaining
costs of using socialized services (Ma et al., 2022). On the other hand,
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as the social service platform is supported by digital technology,
farmers can monitor the production dynamics of social service
organizations in a timely and efficient manner, which avoids the
moral risks of social services and reduces the supervision cost of
farmers and further motivates them to adopt social services.
Furthermore, socialized services can achieve CFR by spreading green
production concepts, advanced green technologies, and market-
based reputation constraints (Rada and Fuglie, 2019; Huan and
Zhan, 2022).

Based on the “information dissemination” theory (Aker, 2011),
DIE provides farmers with various and personalized information
through Internet technology, which increases the stability of non-farm
employment for farmers transferring out of farmland and improves
the risk perception of farmers transferring into farmland and
promotes CFR. This is divided into two areas as follows.

First, due to the dispersal of farmland management and
contracting rights, farmers who transfer into farmland have less
incentive to invest in production, inhibiting the CFR effect caused by
the FTI. In this regard, Zhong and Ji (2009) suggested that the stability
of non-farm employment of farmers who transfer out of farmland
could play a vital role in the productive investment of farmers who
transfer into farmland. On the one hand, DIE broadens the social
network of rural laborers through information and communication
technology and provides more information channels for non-farm
employment (Yuan et al., 2020). On the other hand, DIE also improves
the initiative of non-farm employment by disseminating information
on skills training, thus enhancing the stability of non-farm
employment of farmers who transfer out of farmland (Zhang et al.,
2022). Once the stability of non-farm employment increases for
farmers transferring out of farmland, farmers transferring into
farmland will reduce the risk of unstable management rights. Thus,
farmers transferring into farmland will be more inclined to pursue
long-term profits and increase their investment in transferred
farmland (Su et al., 2018), such as actively applying green agricultural
techniques, while realizing CFR.

Second, after transferring to farmland, farmers face agricultural
production information restraint (Parmar et al., 2019) and are at
higher risk of adopting CFR technologies. DIE can drive farmers
from “touch the Internet” to “use the Internet” with diversified
information dissemination methods, deeply integrated into the
pre-production, mid-production, and post-production links of
agriculture, and provide farmers with personalized information and
technical guidance on CFA, so as to achieve CFR. The first is the
information dissemination effect in the pre-production stage.
Information dissemination is critical in farmers’ technology
adoption behavior (Genius et al., 2014; Magnan et al., 2015). DIE
optimizes the access and quality of information, conveys timely
market orientation, and improves farmers’” perceptions of ecological
product benefits, which motivates them to reduce CFA to improve
the quality of agricultural products (Bhimanpallewar and
Narasingarao, 2020; Zhao et al, 2021). The second is the
technological innovation effect in the mid-production stage. DIE
can guide farmers with personalized CFR information according to
their needs, such as fertilizer application time, applying additional
fertilizer, application frequency, dosage, etc. This will strengthen
farmers’ knowledge of green fertilizer application technology, reduce
the risk and cost of blindly adopting it, and motivate farmers to
adopt CFR technology (Fernando, 2021; Mao et al., 2022). For
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example, DIE not only facilitates communication between farmers
and agricultural scientists by building web service platforms like
APPs and Public accounts, which break the information barrier of
CFR technology; but also offers farmers personalized production
advice by combining information on weather, production conditions,
and market prices. The third is the information traceability effect in
the post-production period. DIE can break the time-space
restriction, and realize the direct connection between the supply and
demand side of green agricultural products. After consumers receive
agricultural products, they will use the Internet to trace the quality
and safety information of products, and learn the whole industrial
chain links through “one thing, one code” This will force farmers who
transfer to farmland strictly control the quality of agricultural
products by reducing the CFA, thus promoting green
agricultural production.

Therefore, the following two hypotheses are proposed:

Hypothesis 2: DIE can significantly contribute to CFR.

Hypothesis 3: DIE plays a negative moderating role in the effect of
FTT on CFA, meaning DIE can further promote the CFR effect

caused by the FTT.

3. Data sources, model construction
and variable description

3.1. Source of data

The study used data from the China Rural Revitalization Survey
conducted by the Institute of Rural Development, Chinese Academy
of Social Sciences in 2020. By using farmers’ responses to questions
posed by the survey, the survey collected 3,833 farmers’ data from 10
provincial administrative units, including Guangdong Province,
Zhejiang Province, Shandong Province, Anhui Province, Henan
Province, Heilongjiang Province, Guizhou Province, Sichuan
Province, Shaanxi Province, and Ningxia Hui Autonomous Region (as
shown in Figure 1), covering rural population, rural industrial
structure, farmers’ income and expenditure, rural governance, etc. For
the sampling method, the survey first considers the economic
development, agricultural situation, and regional location of each
place, randomly selects sample provinces, and then uses an equidistant
random sampling method to select sample villages, ensuring the
representativeness and validity of samples. In this paper, we retained
samples of key variables such as FTT, DIE, and CFA, and finally
obtained sample data of 1,298 farm households. Among them, the
number of farmers who transfer into farmland is 428, and the number
of farmers who transfer out of farmland is 870.

3.2. Datum model setting

To test Hypothesis 1 and Hypothesis 2 proposed by the above
theoretical analysis, considering also that the explained variable is a
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A location map for showing survey site.

continuous type variable, this study first constructs the model
expressions without the cross-term as follows:

InFer; =g + aiTrans _in;
+ apDigital; + 03Cv; + D; + ¢ (1)

Here, Fer; denotes the average CFA (kg/mu) of the iy, farmer,
considering that the variance of Fer increases as the farmland scale
increases, so it is logarithmized to alleviate the heteroscedasticity
problem (Liang et al., 2020); Trans _in; is a dummy variable, meaning
the transfer behavior of the iy, farmer, if the farmer transfer into the
farmland, Trans _in; =1, otherwise, Trans _in; = 0; Digital; stands
the DIE status of the iy, farmer, which is measured by whether the
network information can meet the needs of life and production, and
is also a dummy variable, with the same value as Fer;; Cv; is a series of
control variables; D; denotes regional fixed effects; &; denotes random
error term. @ is the intercept term, aj+ a3+ a3 are parameters to
be estimated. To further test hypothesis 3, the cross-term between FTT
and DIE is added to the model, which can be expressed as follows:

InFer; = Bo + piTrans _in; + P Digital;
+ B3Trans _in; x Digital; + 4Cv; + D; + €; 2)

Here, Trans _in; x Digital; denotes the cross-term of FTI and
DIE, By is the intercept term, B1~ Ba+ B3~ P4 are the parameters to
be estimated, and the meanings of other variables are the same
asin (1).
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3.3. Variables selection

3.3.1. Explained variable

Referring to a relevant study (Liang et al., 2020), this paper uses
the average CFA of food crops (kg/mu) to represent the fertilizer
application behavior of farmers.

3.3.2. Explanatory variable

FTT is measured by whether the farmer transfers into farmland.

3.3.3. Adjustment variable

Based on the concept of DIE in Section 2.1, this paper uses
“whether the network information can meet the needs of production and
life” to measure DIE. If the network information can meet the needs
of production and life, farmers can be considered to engage in DIE;
otherwise, farmers are not involved in DIE. Control variables.

3.3.4. Control variables

Following a wide range of literature (Saito et al., 2015; Yuan et al.,
2020; Hu et al,, 2021; Mao et al.,, 2022), we can select the following
control variables: (1) Farmers individual characteristics, including
gender, age, education level, health status, specialization, and whether
to join the cooperative. (2) Farmers household characteristics,
including the number of family members and total annual income. (3)
Agricultural production characteristics variables, including total area
cultivated by farmers, number of plots, soil type, irrigation conditions,
and mechanization level. (4) The external environment of agricultural
production, including agricultural subsidies, disaster status, and
distance from the farmland to home.
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3.4. Description of the variables

The meanings and descriptiveness of the variables are shown in
Table 1. Table 1 indicates the average CFA of the sample farmers was
53.909 kg/mu, which is similar to the finding of the third agricultural
census from China in 2016 (53.80 kg/mu; Zhong et al, 2021),
indicating that the sample data are generally representative. Among
the farmers in the sample, 33.0% of them transferred to farmland,
and 79.3% thought that the information obtained through the
network could meet their needs of living and production.

In addition, to see more intuitively the relationship between FTI,
DIE, and CFR, a preliminary investigation was conducted in this
paper, and the results are shown in Table 2. The results of the
independent distribution t-test showed that the CFA of the farmers’
group who transferred into the farmland (47.202 kg/mu) was
significantly lower than that of the farmers’ group who transferred
out of the farmland (57.208 kg/mu). And the CFA of farmers in the

TABLE 1 Synopsis of the variable description.

10.3389/fsufs.2023.1231574

DIE group (52.995 kg/mu) was obviously lower than that of farmers
in the non-digital extension group (57.406 kg/mu). Among the
farmers who transferred into the farmland, the CFA in the DIE group
(46.061 kg/mu) was much lower than that of farmers in the
non-digital extension group (52.840 kg/mu). Although the above
descriptive analyses could verify the hypotheses proposed in the
theoretical analysis to some extent, they did not control other
variables and only reflected the correlation between variables, which
still requires further econometric analysis.

4. Results and discussions
4.1. Baseline regression analysis

Before conducting the multiple regression analysis, this paper
verified the four aspects of correlation of variables, normality of

Variables Code  Definition Mean Std. Dev
Explained variable
Chemical fertilizer application ‘ Fer ‘ Farmers’ chemical fertilizer dosage for food production in 2019 (kg/mu) ‘ 53.909 ‘ 21.297
Explanatory variable
Farmland transfer-in ‘ Trans_in Whether the farmer transferred to farmland in 2019: yes = 1, no = 0 ‘ 0.330 ‘ 0.470
Adjustment variable
Digital extension ‘ Digital ‘ Whether the network information can meet the needs of life and production: yes = 1, no = 0 ‘ 0.793 ‘ 0.405
Control variables
Gender Gender Farmer’s gender: male = 1, female = 0 0.951 0.217
Age Age Farmer’s age in 2019 (years) 52.441 10.251
Education Edu Farmer’s education: 1 = illiterate; 2 = elementary school; 3 = junior high school; 4 = high school; 2.792 0.982
5 = Secondary school; 6 = Technical school; 7 = Specialist; 8 = Undergraduate; 9 = Graduate
Health Health Farmers’ self-assessed health status: 1 = bad; 2 = neutral; 3 = good 1.922 0.599
Specialization Speci Whether farming by profession: 1 = yes, 0 = no 0.589 0.492
Member of the cooperative Coop Whether to join the cooperative: 1 = yes, 0 = no 0.252 0.434
Number of family members Memb Number of family members (pcs) 4.139 1.509
family income Income Total family income in 2019 (yuan) 65728.240 76618.72
Total cultivated farmland area  Tot area | Total area cultivated by farmers in 2019 (mu) 33.729 75.145
Number of plots Plot Number of plots in 2019 (mu) 7.181 7.968
Irrigation Trri Irrigable area of agricultural land in 2019 (acres) 18.278 74.032
Mechanization Mach Whether to apply fertilizer by machinery in 2019: 1 = yes, 0 = no 0.378 0.485
Soil type
Clay Clay Whether the soil type of the largest three plots is Clay or not: 1 = yes, 0 = no 0.075 0.263
Loess Loess Whether the soil type of the largest three plots is loess or not: 1 = yes, 0 = no 0.494 0.500
Black soil Black Whether the soil type of the largest three plots is black soil or not: 1 = yes, 0 = no 0.217 0.413
Sandy soil Sandy Whether the soil type of the largest three plots is sandy soil or not: 1 = yes, 0 = no 0.190 0.392
subsidies Sub Farmers received agricultural subsidies in 2019 (yuan) 2730.608 6903.24
Distance Distan Average distance from the largest three plots to home (km) 1.163 2.927
Disaster Status Disast Whether there are agricultural disasters in 2019: 1 = yes, 0 = no 0.360 0.480

According to the author’s own data, it is processed by STATA. The same as tables below (Table 5 excluded).
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residuals, independence and homogeneity of residuals, and the results
showed that the data in this paper can meet the data distribution
requirements of multiple regression analysis.

Table 3 shows the basic regressions of the effects of FTI and DIE
on CFR. From column (1) to column (3), after controlling no
variables, adding control variables, and area fixed effects, there is a
significant negative effect of FTI and DIE on fertilizer use,
indicating FTT and DIE notably contribute to CFR. This regression
result is consistent with the previous theoretical expectation and
validates Hypothesis 1 and Hypothesis 2. Compared with columns
(1) and (2), the regression in column (3) better mitigates the
omitted variable problem, and the regression results based on
column (3) are below. FTI can reduce 13.8% CFA of farmers, which
means FTT helps to achieve CFR. The reason is that, on the one
hand, FTI can improve the economy of scale in agricultural
production (Liang et al., 2020; Huan and Zhan, 2022), reduce the
marginal cost of using machinery and CFR technology, stimulate
farmers’ incentive to invest in production, reduce their reliance on
chemical fertilizer elements (Zhong and Ji, 2009), and thus promote
CFR. On the other hand, regardless applying mechanical
fertilization or adopting green fertilization technology (balanced
fertilization, formula fertilization by soil testing, etc.) can improve
the efficiency of chemical fertilizer utilization and avoid farmers’
blind input of chemical fertilizer. As to whether FTI can promote
farmers’ adoption of green fertilization techniques and improve
mechanization, much research has been done (Ju et al., 2016; Huang
and Jiang, 2019; Paudel et al., 2019; Hu et al., 2021), and will not
be verified in this paper.

In addition, DIE can also CFA by 6.1%, probably because, DIE
conveys the ecological and economic benefits of CFR to farmers
through various publicity methods, which increases farmers’ initiative
to adopt green fertilizer application technologies and motivates them
to achieve CFR (Mao et al, 2022; Chen et al.,, 2023). Also, DIE
provides farmers with highly targeted information on fertilizer
application through personalized services (Saito et al., 2015; Fernando,
2021), which improve their knowledge structure on fertilizer
application and reduce their risk of blindly adopting CFR technologies,
thus strengthening their motivation to adopt CFR technologies and
promote CFR.

4.2. Mechanism analysis

The results in Table 3 demonstrate that FTT can promote CFR,
which is consistent with most studies (Paudel et al., 2019; Rada and
Fuglie, 2019; Liang et al., 2020; Hu et al., 2021). However, this does
not reveal the mismatch between the rapid development of FTT and
the slow decline of CFA. Noteworthy, the analysis in section 4.1 also
verifies the CFR effect caused by DIE, which may be a new path to
promote FTI to reduce the CFA further. To prove this path, we added
the cross-term between FTT and DIE in the regression analysis, and
the results are shown in Table 4. The regression results show that the
cross-term is significantly negative at the 10% level, validating
Hypothesis 3. This result implies that DIE plays a negative
moderating role in the effect of FTI on chemical fertilizer use,
meaning when farmland is transferred into, DIE can further reduce
the CFA and enhance the CFR effect caused by the FTI. The reason
is that DIE relies on the advantages of a wide service radius and cost
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TABLE 2 Differences in chemical fertilizer dosage between groups.

Chemical Difference
fertilizer dosage  in Means
(kg/mu)

Farmers who transferred into 47.202 10.007%%*

farmland (N = 428)

Farmers who did not transfer into 57.208

farmland (N = 870)

Farmers engaged in digital 52.995 4.4]12%%%

extension (N = 1,029)

Farmers engaged in non-digital 57.406

extension (N = 269)

Farmers who transferred to 46.061 6.779%%*

farmland in digital extension (N =

356)

Farmers who transferred to 52.840

farmland in non-digital extension

(N=72)

The number of samples is in parentheses. ***p < 0.01.
TABLE 3 Baseline regression results.

Variables (1) (2) ©)

Trans_in —0.153%*% —0.140%#% —0.138%#7#%*
(0.021) (0.024) (0.024)

Digital —0.072%*% —0.0547*%* —0.061%%*
(0.026) (0.026) (0.026)

Constant term 4.021%%* 3.922%%* 3.917%%*
(0.024) (0.103) (0.113)

Control variables v YV

Region \/

N 1,298 1,298 1,298

RrR? 0.042 0.077 0.093

Robust standard errors in parentheses. The same as tables below.
**p < 0.05.
*HEp < 0.01.

minimization to reduce transaction costs (Mao et al., 2022; Zhang
etal., 2022). This broadens the scope of transactions and realizes the
integration of capital, technology, and information resources, which
increases the efficiency of FTI while strengthening the scale effect of
FTTI. It also boosts the specialized production of farmers transferring
into farmland (Ma et al, 2022), improves chemical fertilizer
utilization, and thus realizes the reduction of fertilizer. Then, by
disseminating employment information and providing skills training
in various ways, DIE can improve the employment stability of
farmers transferring out of farmland (Yuan et al., 2020), which in
turn reduces the instability of management rights of farmers
transferring into farmland, lessens their short-sighted production
behavior, and motivates them to use CFR technologies (Su et al.,
2018). Besides, DIE can provide farmers with tailored advice on
agronomic adoption and green fertilization, so that they can fully
access information on CFR technologies and indeed facilitate the
transition from CFR awareness to practical action, ultimately
realizing green production.
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4.3. Endogeneity analysis

Although this paper has controlled for observable factors such as
individual and household characteristics of farmers, agricultural
production characteristics, and the external environment of
agricultural production, farmers’ farmland transfer decisions may also
be influenced by unobservable factors (e.g., farmers’ management
capacity). For example, farmers with high management capacity are
more likely to transfer to farmland and more willing to use CFR
technologies, which may cause OLS regression to overestimate the
impact of FTT on CFR (Liang et al., 2020).

In order to reduce the estimation bias due to the sample self-
selection problem, most of the existing studies have used the
Propensity Score Matching method to mitigate endogeneity. The
Propensity Score Matching method requires a completely correct
model setting, which is difficult to achieve. Also, it assigns higher
weights to control variables that have little effect on the explanatory
variable, which results in a loss of matched samples. However, this
paper uses the BART algorithm, which can solve the problems of the
Propensity Score Matching method and improve the causal
identification accuracy (Hill and Su, 2013).

BART is a way to sum multiple decision trees to obtain a
flexible nonparametric model, which is adjusted by a regularization
prior in order to avoid overfitting of the trees (Hill et al., 2020). In
fact, the BART algorithm is a probabilistic model that has fewer
specific requirements for the study data. Therefore, if my study data
satisfy the conditions of multiple linear regression, then it is
also applicable.

When BART is used to estimate causality, it is primarily utilized
to generate specific posterior distributions for the potential outcomes
of individuals. First, in a sample of i with independent observations,
the explained variable sets to Fer;, the covariate vectors set to X, and
the binary treatment assignment variables set to Z;, define the
potential results as shown below:

Fer; (0)=Fer,~(Z,~ :0) (3)

Feri(l)=Fer,-(Z,- =1) (4)

From Egs. (3) and (4), we can obtain:

Fer; =Fer,<(0)(1—Z,~)+Fer,~(1)Z,~ (5)

Then, the treatment effects can be estimated by using Eq. 6:

E[Fer(1)\X =x |- E[ Fer(0)lX =x]=f(1x)- £ (0x)  (6)

Each iteration of the BART generates a new f from the posterior
distribution. Let f” denote the 7, draw of f. Next, we compute
D = f"(Lx;)— /" (0x;), for i=1,2,3,...,n. Finally, we average
D of allsamples to  get the effects in the
posterior distribution.

treatment

The implementation of BART in this paper was done in the R
software. The results are shown in Table 5. From column (1), FTI can
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TABLE 4 Add cross-term between farmland transfer-in and digital
extension.

Variables (1) (2) (3)
Trans_in —0.059 —0.066 —0.070*
(0.041) (0.042) (0.042)
Digital —0.039 —0.028 —0.037
(0.033) (0.033) (0.033)
Trans_in x Digital —0.116%* —0.092% —0.085*
(0.047) (0.048) (0.048)
Constant term 4.000%%** 3.903%*% 3.898%#*
(0.029) (0.105) (0.114)
Control variables \/ \/
Region \/
N 1,298 1,298 1,298
RrR? 0.045 0.078 0.094
#p<0.1.
i < 0,05,
##kp < 0.01.

TABLE 5 Endogeneity analysis: results of Bayesian Additive Regression
Tree algorithm.

Variables (1) (2)
Treatment effects = Treatment effects

Trans_in -0.132 —0.060

Digital —0.025 0.001

Trans_in x Digital —0.090

Control variables \/ \/

Region \/ \/

N 1,298 1,298

reduce 13.8% CFA of farmers, and DIE also plays a negative role,
which again verified Hypothesis 1 and Hypothesis 2. From column
(2), the coefficient of the cross-term between FTT and DIE is —0.090,
stating that after dealing with the endogeneity problem, DIE still plays
a negative moderating role in the effect of FTI on fertilizer use, and
Hypothesis 3 was further verified.

4.4, Heterogeneity analysis

4.4.1. Chemical fertilizer dosage heterogeneity

In general, the more fertilizer farmers apply in production, the
more dependent they are on fertilizer. Exploring the effect of FTT on
farmers with different fertilizer dosages is important to achieve
sustainable agricultural development. Therefore, this paper refers to
Mao et al. (2022) and divides the sample into low and high chemical
fertilizer dosages according to the median chemical fertilizer dosage,
and the regression results are shown in columns (1) and (2) of
Table 6. The p-value of the Zou test was less than 0.1, indicating a
significant difference in the effect of FIT on farmers with high and
low fertilizer dosages. FTI significantly reduced fertilizer use by 20%
in the high chemical fertilizer dosage group, but in the low dosage
group, FTT did not have this effect. Combined with Table 2, we can
know most of the farmers transferring into the farmland are in the
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low chemical fertilizer dosage group. Therefore, we can infer that FTT
can initially achieve CFR. However, when the chemical fertilizer
dosage is reduced to a particular value, the CFR effect of FEI is no
longer apparent. New paths need to be exploited to promote CFR
further. This is indirectly verified by the fact that DIE can reduce
farmers’ fertilizer use in the low fertilizer dosage group. In conclusion,
the CFR effect relying on FTI is limited, and other measures may
be needed to achieve a synergistic CFR effect (e.g., DIE).

4.4.2. Food function areas heterogeneity

To optimize China’s food supply, the Chinese government divided
the main food-producing areas and non-main food-producing areas
and proposed the principle of focusing on the main food-producing
areas and supporting production in non-main food-producing areas
to ensure food security. To examine whether the food function area
policy affects the CFR effect caused by the FTI, regressions are
conducted separately for the main and non-main food-producing
areas. As is shown in columns (3) and (4) of Table 6, FTT significantly
realizes CFR in different food function areas. However, the model Zou
test p-value is greater than 0.1, indicating that there is no significant
difference in the effect of FTT in different food function areas.

4.4.3. Different terrain heterogeneity

The terrain is a natural partitioning of land, and by affecting the
degree of land fractionation, it can affect the fertilizer application
behavior of farmers (Liang et al., 2020). In this paper, village-level
terrain was used as a proxy variable for the terrain of farmland owned
by farmers. The sample was divided into the plain, hill, and mountain
for group regression, and the regression results are presented in
Table 7. The result shows that whatever the terrain, FTI significantly
reduced chemical fertilizer use by farmers, however, only the group
difference between the plain and hill passed the Zou test. It is also
noted that DIE can promote CFR in mountainous areas, significantly
at 10%, while it does not hold in plains and hills. The possible reason
is that when DIE gradually spreads to the more backward
mountainous areas, where the poor rural infrastructure
communication facilities limit the information to which farmers are

accessed, the marginal contribution of DIE is greater.

10.3389/fsufs.2023.1231574

4.5. Robustness test

In order to increase the accuracy of the findings, robustness tests
were conducted in this paper, and the results are shown in Table 8.
First, replace the explanatory variable. Considering the problem of
data heteroskedasticity, the chemical fertilizer dosage was taken as a
logarithm in the previous paper. To further verify the reliability of the
study results, the original values of farmers’ chemical fertilizer dosage
were used again to represent farmers’ fertilizer application behavior.
Second, because transferring out of farmland would interfere with the
CER effect on FTI, the sample of farmers who transferred in and out
of farmland simultaneously was excluded from this paper for
robustness testing. Third, given the effect of data extremes, this paper
performs a 1% bilateral tailing process for all continuous variables.
From the results of the above three robustness tests, FTT significantly
promoted CFR, and DIE also played a role in promoting CFR, which
is consistent with the above findings and illustrates the robustness of
the results in this paper.

4.6. Further analysis: explore the different
scales of transferring into farmland

The previous paper has demonstrated that FTT can curb farmers’
excessive fertilizer application behavior, but this may ignore the effect
of transferring-in farmland scale on CFA. In fact, if the scale of
transferring-in farmland exceeds production capacity, farmers will
tend to increase CFA instead of technology and machinery inputs; if
the farmland scale is too small to match farmers” production capacity,
farmers will have to increase CFA to improve farm income when they
want to earn no less than the benefits of engaging in non-farm
Employment (Gai et al., 2020). Therefore, exploring the appropriate
size of transferring-in farmland is particularly important to promote
CFR. Given the measurement of the explanatory variable has been
changed, the study again verified the conditions for the multiple
regression analysis to hold, which still holds true. In this paper,
farmers who do not transfer farmland are used as the control group,
and the scale of transferring-in farmland is divided into small-scale

TABLE 6 Heterogeneity analysis: different chemical fertilizer dosage and food function areas.

Variables (1) (2) (3) (4)
Low chemical High chemical Main food-producing Non-main food-
fertilizer dosage fertilizer dosage areas producing areas
Trans_in —0.003 —0.209%** —0.127%#%* —0.202%%*
(0.023) (0.021) (0.029) (0.046)
Digital —0.052%%% —0.034 —0.044 —0.093#
(0.020) (0.025) (0.031) (0.046)
Constant term 3.673%** 4.372%%% 3.889% 3.958 %%
(0.098) (0.107) (0.125) (0.230)
Control variables v v v v
Region v v v v
N 877 421 811 487
R 0.140 0.304 0.104 0.113
Zou test p-value 0.000%%* 0.135

Main food-producing areas: Anhui, Henan, Heilongjiang, Shandong, Sichuan. Non-main food-producing areas: Guangdong, Guizhou, Ningxia, Shaanxi, Zhejiang.
*%p <0.05, #** p <0.01.
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transfer-in (0.1-50 mu), medium-scale transfer-in (50.1-100 mu) and
large-scale transfer-in (more than 100 mu), and the regression results
are shown in Table 9. As shown in column (3) of Table 9, after adding
control variables and regional fixed effect, the CFR effect of FTI
becomes weaker as the increasing scale of transferring-in farmland.
In detail, in small-scale FTI, FTT could markedly reduce the fertilizer
consumption of farmers by 14.3%; when medium-scale FTT s carried
out, FTT can reduce fertilizer use by 9.6%; however, in large-scale FT1,
the CFR effect of FTI does not pass the significance test. The possible
reason for this is that farmers who have transferred into large-scale
farmland have limited management capacity and insufficient
incentives to adopt fertilizer reduction technologies, and the demand
for profit induces them to apply high CFA, which inhibits the green
development effect of large-scale FTI. Therefore, the government
needs to guide farmers to choose the appropriate scale of
transferring-in farmland according to their management capacity, to
promote green agricultural development better.

5. Conclusions and implications

This paper integrates FT1, DIE, and CFR into a unified analysis
framework, explores the mechanism of DIE on FTT and CFR based
on “transaction cost” theory and “information dissemination” theory,
and does empirical tests by using a self-reported dataset of 1,298
farmers surveyed in the 2020 China Rural Revitalization Survey, thus
providing a new perspective for achieving CFR in agricultural
production. First, the baseline regression results show that both FTT
and DIE significantly contribute to CFR, and this basic conclusion
still holds after adding the control variables and undergoing a series
of robustness tests. Second, the mechanism test shows that DIE can
play a negative moderating role in the effect of FTI on chemical
fertilizer dosage, further prompting CFR effect caused by the
FTL. Third, from the heterogeneity analysis, FTT has no significant
heterogeneity in food function areas but heterogeneity in different
terrain and fertilizer dosage. FTI significantly reduces fertilizer use
by 20% in the high chemical fertilizer dosage group, but in the low
dosage group, FTT does not have this effect. Regarding different
terrain, only the group difference between the plain and hill is
significant. Last, further analysis revealed that FTT still can promote
CFR when the transferred farmland area is less than 100 mu, and it
does not have this effect when the transferred farmland area is more
than 100 mu.

Regarding the above research conclusions, the following policy
implications are obtained. First, support the appropriate scale of
farmland transfer. Noting that FTI can still reduce CFA, the government
should continue to improve the system of “separation of three rights” of
farmland and promote FTT in China. However, in farmland transfer, the
government needs to guide farmers to choose the transfer scale
reasonably according to their management ability, facilitate a moderate
scale of FTI, motivate farmers to invest in production, and reduce
farmers’ dependence on chemical fertilizer factors. Secondly, we should
attach importance to the application of DIE in sustainable agricultural
development. DIE can truly stimulate farmers’ endogenous motivation
to adopt CFR technologies through various publicity methods and
personalized service approaches. The government should strengthen the
construction of network infrastructure in rural areas and to further
bridge the “digital divide” at the intergenerational and gender levels.
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TABLE 7 Heterogeneity analysis: differences by terrain.

Variables (1) (2) (3)
Hill Plain Mountain
Trans_in —0.2027%*% —0.0907%#%* —0.160%*
(0.556) (0.030) (0.067)
Digital —0.048 —0.018 —0.091%*
(0.062) (0.033) (0.053)
Constant term 3.909%** 3.816%** 4.022%%%
(0.285) (0.144) (0.242)
Control variables v YV v
Region \/ \/ \/
N 268 642 388
RrR? 0.212 0.173 0.130
Zou test p-value 0.065* 0356

#p < 0,05, #¥¥p < 0.01.

TABLE 8 Robustness tests.

Variables (1) (2) (3)
Replace the Deleting Shrinkage
explanatory samples processing

variable

Trans in —8.6607%* —0.129%# —0.138%#

- (1.131) (0.026) (0.024)

Digital —2.644% —0.051% —0.0617%*

(1.525) (0.027) (0.026)
Constant term 55.417%%* 3.891%#* 3.917%**
(6.148) (0.120) (0.113)

Control variables \/ \/ \/

Region \/ \/ \/

N 1,298 1,071 1,298

R 0.102 0.091 0.093

#p < 0,05, #¥¥p < 0.01.

TABLE 9 Analysis of the scale level of transfer to agricultural land.

Variables (1) (2) (3)

Control group: farmers who

donot transfer the farmland

Trans_in (0.1-50mu) —0.150%%* —0.143%%* —0.143%##%
(0.024) (0.024) (0.024)

Trans_in (50.1-100mu) —0.1937%%* —0.127%%* —0.096*
(0.052) (0.059) (0.058)

Trans_in (More than 100 mu) —0.141%%* —0.024 —0.003
(0.032) (0.054) (0.055)

Digital —0.071%%% —0.054** —0.061%%*
(0.026) (0.026) (0.026)

Constant term 4.020%** 3.926%%* 3.923%%*
(0.024) (0.104) (0.113)

Control variables v v

Region \/

N 1,298 1,298 1,298

RrR? 0.042 0.078 0.095

*#p < 0.05, ¥**p < 0.01.
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Under the guidance of the government, farmers should take the
initiative to improve their digital skills and enjoy the digital dividend.
Third, focus on the synergy between FTI and DIE to provide a new
driving force for green agriculture. The CFR effect can be achieved
better in the early stage of FTT, however, when the CFR reaches a certain
level, the effect of FTT is very little, so we need to rely on DIE to promote
CEFR effect caused by the FTI further.

Despite the extensive research work done in this paper, there
are some limitations that could be improved. First, this paper uses
cross-sectional data to study, while subsequent studies can use
panel data to reduce estimation bias. Second, the measurement of
DIE in this paper is not precise enough, and the follow-up study
can use farmers’ use of agricultural technology extension APPs
and Public accounts to measure. Third, the research in this paper
is based on a sample of Chinese farmers, while some countries
have vast lands and no farmland transfer phenomenon, so the
research results may not be generalizable. However, it is undeniable
that this paper finds that DIE can moderate the CFR effect of
farmland scale management, which is worth drawing the attention
of all countries.
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