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Internet use and technical efficiency of grain
production in China: a bias-corrected stochastic
frontier model
Yangqi Fu1 & Yuchun Zhu1✉

Internet technology has unique advantages, such as rich information, rapid dissemination,

and overcoming spatial limitations. It is considered an effective approach to promote agri-

cultural technology application and enhance agricultural technical efficiency. However, it is

still unclear how Internet use affects the technical efficiency of smallholders in grain pro-

duction. Based on the grain production data of 1699 smallholders in China, this study uses the

bias-corrected stochastic production frontier and propensity score matching to obtain an

unbiased estimate of the impact of Internet use on technical efficiency and examines its

channels of action. The empirical results indicate that the decision of households to use the

Internet is influenced by the individual characteristics of the household head, household

characteristics, and village characteristics. The age of the household head has a significant

negative impact on Internet use, while the education level and health status of the household

head, household income and size, and the topography of the village have significant positive

effects on Internet use. We also find that Internet use has a statistically significant positive

effect on technical efficiency, and the selection bias leads us to underestimate this effect.

Furthermore, we verified the channels of Internet use affect technical efficiency by alleviating

financial constraints, broadening social capital, and improving the level of mechanization.

Therefore, policymakers must strengthen the construction of Internet infrastructure in rural

areas and improve the Internet penetration rate in rural areas. Furthermore, policymakers can

establish technical training centers to help farmers learn Internet technology and new agri-

cultural production techniques. Lastly, policymakers can collaborate with banks, research

institutions, cooperatives, agricultural enterprises, and other entities to develop diverse policy

measures that provide farmers with financial support, technology assistance, and production

services.
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Introduction

In many countries, especially developing countries, agricultural
production is mainly based on the extensive business model of
high input and high consumption, and the technical efficiency

is low. This has not only limited the development of local agri-
culture, making it difficult to ensure the production and quality of
food, but also put great pressure on the ecological environment
(Bongaarts, 2019). Excessive input of chemical fertilizers and
pesticides leads to groundwater pollution, which poses a great
threat to residents’ drinking and agricultural irrigation in China
(Yuan et al., 2021), Bangladesh (Huq et al., 2019), Iran (Ostad-
Ali-Askari et al., 2017) and other countries. Only by changing the
extensive operation mode of agricultural production and pro-
moting the development of inefficient agriculture to efficient
agriculture can we promote the coordinated development of
agricultural production and resources and the environment.

How to achieve the transformation to efficient agriculture?
Existing research has proposed possible solutions from two
aspects. On one hand, it is through institutional innovation to
create a favorable external environment for agricultural produc-
tion. For example, secure land ownership systems (Paltasingh
et al., 2022; Leta et al., 2021), effective agricultural credit policies
(Twumasi et al., 2022), grain subsidy policies (Chen et al., 2023),
and so on. On the other hand, it is by utilizing production ser-
vices or new production technologies to improve the marginal
output of input factors. For example, agricultural machinery
services (Tang et al., 2018), climate adaptation technologies
(Pangapanga-Phiri and Mungatana, 2021), green production
technologies (Li and Lin, 2023), and so on.

However, the improvement of agricultural technology effi-
ciency is essentially a production decision problem for farmers
based on their circumstances (such as preferences, cognition,
resource constraints, and cost-benefit considerations). Neglecting
the dominant position of farmers in agricultural production and
relying solely on improving the institutional environment or
promoting production technologies may not effectively solve the
issue of enhancing technical efficiency. Firstly, farmers’ produc-
tion behavior exhibits a certain degree of inertia. Even if insti-
tutional innovations provide better opportunities, farmers still
need to collect various information to adapt to the new institu-
tional environment and assess the new opportunities and risks
(Granderson, 2014; Tompkins and Adger, 2005). Therefore, in
the short term, farmers’ production behavior may not adjust
immediately or only adjust to a limited extent. Secondly, the
adoption of agricultural technologies usually requires farmers to
have the necessary knowledge and input of production factors.
However, many farmers lack channels to access information and
capital, making it difficult for them to meet the conditions for
adjusting production decisions. This issue is particularly pro-
nounced for smallholders, as they often face challenges such as
inadequate skills, limited financial resources, and information
asymmetry (Donovan and Poole, 2014; Wouterse and Badiane,
2019).

As an emerging technology with significant implications for the
future, the Internet possesses numerous advantages, such as rich
information, rapid dissemination, and overcoming spatial
boundaries, which has brought a profound transformation in
agriculture. Research on the Internet’s impact on agriculture
mainly focuses on how to enhance the market efficiency of
agricultural products (Mitra et al., 2018; Tadesse and Bahiigwa,
2015; Jensen, 2007). For example, Reddy (2018) focuses on the
electronic agricultural markets and systematically analyzes the
impact of market electronization on market participants, market
prices, product quality, and trade processes. The profound impact
of the Internet is not only limited to the agricultural product
market but also plays a crucial role in the agricultural production

side. The widespread adoption of the Internet has brought pro-
found transformations to agricultural production. It has provided
agricultural producers with abundant information, broader
markets, and more efficient collaboration platforms, thereby
reducing information search costs (Aker et al., 2016), accelerating
agricultural technology diffusion (Zheng et al., 2022), and
increasing agricultural output levels (Khan et al., 2022).

However, the research on how Internet use affects agri-
cultural technical efficiency, especially for grain crops, is still in
its infancy. The research on the relationship between mobile
phone communication and corn technical efficiency conducted
by Mwalupaso et al. (2019) can provide a reference for
answering this question. However, their study did not take into
account whether to use of mobile phones was a self-selected
outcome for farmers and thus did not address the issue of
sample selection bias. Zhu et al. (2021) and Zheng et al. (2021)
respectively analyzed the impact of Internet use on the technical
efficiency of apple and banana production in China and found
that Internet use is conducive to improving the technical effi-
ciency of smallholders. However, for grain crops, there may be
factors that make these findings not applicable. Firstly, the
technical requirements and management needs for grain crops
are different from cash crops, which leads to different limita-
tions and obstacles in the application of the Internet in grain
crop production. Secondly, the market prices of grain crops are
often lower, which may not provide sufficient economic
incentives to encourage farmers to use the Internet to change
their production methods. As a result, farmers in grain crop
production may rely more on traditional agricultural techniques
and farming experience, limiting the positive impact of Internet
use on technical efficiency. Therefore, further research is needed
to investigate the actual effects of Internet use on the technical
efficiency of grain crop production. Additionally, we also need
to gain a deeper understanding of the potential mechanisms
through which Internet use affects agricultural technical effi-
ciency to formulate relevant policies.

In this study, we constructed a theoretical framework to
investigate the impact of Internet use on the technical efficiency
of grain production. We conducted empirical tests using a bias-
corrected stochastic frontier model and a propensity score
matching (PSM) model based on the grain production data of
1699 households in China. The possible innovations of this paper
are as follows: Firstly, this paper incorporates internet technology
into the research framework of the technical efficiency of grain
production and conducts empirical tests, expanding and supple-
menting existing research in this area. Secondly, by combining a
bias-corrected stochastic frontier model with a PSM model, this
paper obtained an unbiased estimate of the impact of Internet use
on technical efficiency. This approach addresses the issues of
sample selection bias and self-selection bias. Thirdly, this paper
conducted a comprehensive analysis of the potential channels
through which Internet use affects the technical efficiency of grain
production, focusing on social capital, financial constraints, and
mechanized farming. This in-depth exploration helps to under-
stand and release the enhancement effect of Internet use on
technical efficiency.

The rest of the paper is organized as follows. Section
“Background” briefly introduces the development of the
Internet in rural China. Section “Research analysis” builds a
theoretical framework for the impact of Internet use on the
technical efficiency of food crops. The research data, methods,
and variables are introduced in the section “Methods”. Section
“Results and discussion” analyzes and discusses the empirical
results. The section “Conclusion and recommendation” pre-
sents conclusions and relevant policy recommendations.
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Background
As the largest developing country in the world, China’s grain crop
production has always been based on high inputs applications of
pesticides, fertilizers, and other factors in exchange for high yields
(Wang et al., 2017). According to statistics, the average applica-
tion of chemical fertilizer in China’s crops is 2.74 times that of the
world average level1, and the average application of chemical
pesticides is 2.5–5 times that of developed countries (Jin et al.,
2017). Fertilizers and pesticides have changed from a tool for
increasing production to an important factor for destroying the
ecological environment (Yu et al., 2021). Moreover, with the
rapid rise in the cost of production, such as higher prices of
pesticides and fertilizers in recent years, the comparative advan-
tage of China’s agricultural products is gradually losing.
According to statistics from the Ministry of Commerce, China’s
trade deficit in major agricultural products increased from USD
1.46 billion in 2005 to USD 71.28 billion in 2018. Therefore,
improving the technical efficiency of agricultural production has
become the only way for the coordinated development of agri-
culture and environment in China. However, The China Agri-
cultural Sector Development Report 2021 pointed out that the
technical efficiency of China’s agricultural production is declin-
ing, and the application and promotion of technology are facing
challenges. Therefore, improving the technical efficiency of grain
production is an urgent problem for China, and it can also
provide experience and reference for the agricultural development
of developing countries.

The Internet has developed rapidly in China since it was fully
connected to the Internet in 1994. However, due to a lack of
knowledge about networking, lagging network infrastructure, and
access conditions, rural internet development progressed slowly
at the initial stage. However, after the Chinese government offi-
cially wrote “Promoting rural informatization construction and
actively supporting rural internet infrastructure construction”
into the first policy statements released by central authorities each
year, the rural information infrastructure has been continuously
improved, and the Internet has been rapidly popularized in rural
areas. The 51st statistical report on China’s Internet development
showed that by the end of 2022, there were 308 million Internet
users in rural China, with a penetration rate of 61.90%. With its
continuous development, the Internet has also played an
important role in agricultural production. In particular, after
China proposed the vigorous promotion of ‘Internet +’ modern
agriculture in 2016, the Internet exerted a profound influence on
agricultural production, operation, management, services, and
other aspects of the agricultural industry chain, providing new

impetus for the development of agricultural modernization. By
2019, the overall level of digital agriculture and rural development
in China’s counties reached 36.0%, of which the level of digita-
lization of agricultural production reached 23.8%.2 It is of great
practical significance to understand and clarify the influence of
the Internet on technical efficiency in agricultural production.

Research analysis
Following the existing literature, we propose a simple theoretical
framework, as shown in Fig. 1. This theoretical framework con-
sists of two parts: Internet use decision and the channels through
which Internet use affects technical efficiency. First, whether to
use the Internet is a self-chosen behavior of smallholders. The
decision is influenced by many factors, such as personal char-
acteristics, family characteristics, and village characteristics
(Zheng et al., 2022). In terms of individual characteristics, factors
such as the age, gender, and education level of the household head
directly impact their understanding and acceptance of the
Internet. The younger generation and farmers with higher levels
of education may possess stronger technological adaptability,
making it easier for them to grasp and utilize Internet resources.
In terms of family characteristics, factors such as economic
income and population size can affect their ability to invest
resources in using the Internet. Families with lower incomes may
find it difficult to bear the related costs of internet use, and
households with smaller populations may find it difficult to form
the network effect of internet use. In terms of village character-
istics, factors such as geographical location and topography
directly influence the construction and penetration level of the
village’s Internet infrastructure, thereby affecting the accessibility
of Internet services for farmers (Cui et al., 2022). In summary,
according to the user demand and their endowments, households
will apply internet technology at different time points and dif-
ferent intensity levels.

As for the channels through which Internet use affects
household technical efficiency, this paper analyzes three per-
spectives: alleviating financial constraints, strengthening social
capital, and promoting mechanized farming. For a long time,
agriculture has been a weak link in China’s economic develop-
ment, and smallholders are a represented group with limited
resource endowment (Qiu et al., 2021). Due to low agricultural
economic returns and vulnerability to external shocks such as
climate conditions, it is difficult for smallholders to afford the
application of advanced agricultural technologies only by their
capital accumulation, which limits the improvement of technical

Fig. 1 The theoretical framework for the impact of Internet use on technical efficiency.
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efficiency. Credit financing can effectively alleviate the financial
constraints faced by farmers in adopting technologies, but
smallholders face difficulties in obtaining support from formal
financial institutions in terms of loans, collateral, and guarantees.
Moreover, in the process of obtaining financial support from
formal financial institutions, smallholders have difficulties with
loans, mortgages, and guarantees (Tchamyou et al., 2019). The
Internet serves as a good information flow channel among
financial market participants (Boateng et al., 2018), reducing the
dilemma of information asymmetry between banks and farmers
(Andonova, 2006). This aids in overcoming the issues of
“financial discrimination” and “financial mismatch” in the tra-
ditional financial system. Firstly, the use of the Internet is bene-
ficial for improving farmers’ ability to access and distinguish
financial information. With the help of Internet technology,
smallholders can timely and accurately obtain loan issuance
policies and requirements and make the most favorable credit
choice for production according to their conditions and needs
(Parlasca et al., 2022). Secondly, the Internet assists rural financial
institutions in analyzing credit data and the economic conditions
of low-income groups, thus accurately targeting intended custo-
mers. Financial institutions can even use the Internet to track
loan households, ensuring that agricultural credit funds are
mainly used in agricultural production. In summary, Internet
technology promotes the improvement of technical efficiency by
alleviating the financing constraints of smallholders.

Another channel for Internet use to affect technical efficiency is
strengthening the social capital of households. Communicating
with acquaintances is the pathway for smallholders to learn
technology (Leta et al., 2018). This type of communication allows
smallholders to learn about the problems they encounter in actual
production and their corresponding solutions from acquain-
tances. Due to the high level of trust between acquaintances, this
intimate communication is more effective in promoting the
transfer of knowledge and the application of technology. The
rapid development of the Internet provides channels and plat-
forms for smallholders to communicate and interact with friends
without being limited by geographical distances. This significantly
reduces the information exchange costs among smallholders’
mutual communication, enabling them to broaden their social
network and accumulate social capital (Bauernschuster et al.,
2014). This provides an important source of technical informa-
tion for smallholders and helps to accelerate the adoption process
and ratio of agricultural technology (Zheng et al., 2022). Fur-
thermore, the improvement of smallholders’ social capital can
expand their access increases to informal financial loans, which
further alleviates the cost pressure to adopt agricultural technol-
ogies. In summary, Internet use promotes technical efficiency by
improving the social capital of smallholders.

Internet use can also improve the technical efficiency of
smallholders by promoting mechanized farming. The network
effect of Internet technology broadens the off-farm employment
channels for householders, thereby changing the quantity and
structure of the labor force employed by households in agri-
cultural production (Min et al., 2020). The transfer of rural labor,
especially young and middle-aged labor, will lead to the structural
contradiction of the allocation of human and land elements in
agricultural production. In this case, households will increase the
input of mechanization to replace the missing labor. Smallholders
constrained by operational scale, considering the scale ineffi-
ciency of purchasing agricultural machinery, are more inclined to
achieve mechanized production through agricultural machinery
services (Diao et al., 2014). The Internet can help farmers reduce
transaction costs and increase their opportunities to access agri-
cultural mechanization services through outsourcing (Daum
et al., 2021). Through the internet, smallholders can compare

prices and service quality of different service providers, choosing
mechanization services that offer better value for money and pay
as needed. This reduces the investment and maintenance costs for
mechanization. Undoubtedly, the operation quality of agricultural
mechanization production is stable, and the cost is lower, which is
conducive to improving technical efficiency (Shi et al., 2021).

Methods
Model setting. The main purpose of this study is to clarify the
impact of Internet use on the technical efficiency of smallholders.
Following the previous research (Asmare et al., 2022; Villano
et al., 2015), we adopt a multi-stage procedure to address selec-
tion biases caused by observed and unobserved factors, thereby
making up for some shortcomings of existing research. Firstly, we
use a sample selection-corrected stochastic production frontier
(SPF) model proposed by Greene (2010) to estimate the technical
efficiency of smallholders, addressing the selection bias caused by
unobserved factors. Then, we take the estimated technical effi-
ciency as the dependent variable and use the PSM method to
identify the differences in technical efficiency between samples of
Internet users and non-users based on observable characteristics.
In addition, we also use an endogenous switching regression
model (ESR) to account for the effects of both observed and
unobserved factors to verify the robustness of the regression
results by effectively addressing endogeneity caused by sample
selection.

Selection-corrected SPF. Using the stochastic frontier framework,
we applied Heckman’s correction to solve the sample selection
problem in this study. It assumes that the sample selection bias is
caused by the correlation between the error term in the stochastic
frontier model and the error term in the sample selection model.
The stochastic frontier model with sample selection correction
can be specified as follows:

Sample selection : d*i ¼ α0zi þ εi; εi � N 0; 1ð Þ

Stochastic production frontiermodel : yi ¼ β0xi þ vi � ui

(yi, xi) are observed only when di= 1.

ui ¼ σu Ui

�
�

�
�whereUi � N 0; 1ð Þ

vi ¼ σvvi where vi � N 0; 1ð Þ

εi; vi
� � � N2 0; 0ð Þ; 1; ρσV ; σ

2
V

� �� �

Where di is a binary variable, which is assigned a value of 1 when
the family uses the Internet, and a value of 0 otherwise. zi is the
set of explanatory variables for the sample selection model. εi is
the unobserved error term. In the SPF model, yi is the output
variable, xi is the input variable, vi is the stochastic error term, and
ui is the inefficiency term. In particular, if ρ is significant indicates
the presence of selectivity bias due to unobservable features.

In this study, the SPF model is estimated using the translog
production function. The specific form of the model is as follows:

ln yi ¼ β0 þ β1 ln Li þ β2 lnKi þ β3 lnTi þ β4 ln Li
� �2þβ5 lnKi

� �2

þβ6 lnTi

� �2þβ7 ln Li lnKi

þ β7 ln Li lnTi þ β7 lnKi lnTi þ vi � ui
ð1Þ

Where yi is the total output value of grain cultivation by
smallholder i, Li is the labor input, expressed by the number of
laborers engaged in agricultural production for more than three
months in a year; Ki is the capital input, including the
expenditure of cultivation, fertilizer, pesticide, mechanics and
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other links; Ti is the land input, that is, the planting area of grain
crops. The formula for calculating the technical efficiency (TEi) of
smallholders’ production is as follows:

TEi ¼ E Yi ui;Qi

�
�

� �

=E Yi ui ¼ 0;Qi

�
�

� � ð2Þ
Where TEi represents technical efficiency, that is, the ratio of
actual output to the output frontier; Qi is the inputs for
smallholder production; E Yi ui;Qi

�
�

� �

represents the expected
value of the actual output; E Yi ui ¼ 0;Qi

�
�

� �

represents the
expected value on the output frontier in the absence of technical
inefficiency.

Propensity score matching. In the sample, smallholders have the
option of using the Internet or not, so the smallholders who use the
Internet and those who do not use the Internet are not random,
and there is a problem of “self-selection”. In this study, the PSM
method is used to control for self-selection bias caused by obser-
vable features. In addition, since the data of smallholders who use
the Internet when they are not using the Internet are not available,
directly comparing the technical efficiency differences between
smallholders who use the Internet and smallholders who do not
use the Internet will cause endogeneity problems. By constructing
counterfactual scenarios, the PSM method can effectively solve the
endogeneity problem. The specific analysis steps are as follows:

First, according to the observed characteristic variables, use the
logit model to estimate the conditional probability fitting value of
using the Internet, that is, the propensity score value. The specific
expression is as follows:

P Xð Þ ¼ Pr D ¼ 1 Xjð Þ ¼ exp βX
� �

1þ exp βX
� � ð3Þ

Where X is the multidimensional characteristic variable for
matching, β is the coefficient vector. Second, the treatment group
was matched with the control group, and a common support
domain test and a balance test were performed. Finally, the
difference in smallholder technical efficiency between the
treatment and control groups, average treatment effect (ATT),
was calculated to obtain the effect of Internet use on the technical
efficiency of smallholders. The expression of ATT is as follows:

ATT ¼ E Y1 D ¼ 1j� �� E Y0 D ¼ 0j� � ¼ E Y1 � Y0 D ¼ 1j� �

ð4Þ
Where D is the treatment variable for whether smallholders use
the Internet, Y1 is the technical efficiency of smallholders using
the Internet, and Y0 is the technical efficiency of smallholders not
using the Internet.

Endogenous switching regression. The ESR model adopts the idea
of two-stage estimation and considers the influence of observable
and unobservable factors at the same time, which can effectively
solve the self-selection bias of households using the Internet. First,
regress the decision equation for whether smallholders use the
Internet:

di ¼ αzi þ ϵi ð5Þ
In the formula, di represents whether the farmer i uses the

Internet; zi is the various control variables that affect the use of
the Internet by smallholders; ϵi is the error term. At the same
time, two outcome equations for households using the Internet
and those not using the Internet are established as follows:

Y1i ¼ β1X1i þ ε1i ð6Þ

Y0i ¼ β0X0i þ ε0i ð7Þ
Where Y1i and Y0i represent the technical efficiency of households

with and without the Internet, respectively; X1i and X0i are
various control variables that affect the technical efficiency; ε1i
and ε0i are the error terms. Then, a counterfactual framework is
constructed using the model-estimated coefficients to estimate the
average treatment effect of Internet use on smallholders’ technical
efficiency by comparing the expected differences in technical
efficiency between farmers who use the Internet and farmers who
do not use the Internet under realistic and counterfactual
conditions.

The expected values for the technical efficiency of households
using the Internet are as follows:

E Y1i di ¼ 1
�
�

� � ¼ β1X1i þ σ1ϵλ1i ð8Þ
The expected values for the technical efficiency of households

not using the Internet are as follows:

E Y0i di ¼ 0
�
�

� � ¼ β0X0i þ σ0ϵλ0i ð9Þ
The expected value of the technical efficiency of households

using the Internet when they do not use the Internet is as follows:

E Y0i di ¼ 1
�
�

� � ¼ β0X1i þ σ0ϵλ1i ð10Þ
The expected value of technical efficiency when using the

Internet in households that do not use the Internet is as follows:

E Y1i di ¼ 0
�
�

� � ¼ β1X0i þ σ1ϵλ0i ð11Þ
Through formula (8) and formula (10), the average treatment

effect (average treatment effect on the treated, ATT) of the
household technical efficiency of using the Internet is obtained as:

ATTi ¼ E Y1i di ¼ 1
�
�

� �� E Y0i di ¼ 1
�
�

� � ¼ β1 � β0
� �

X1i þ σ1ϵ � σ0ϵ
� �

λ1i

ð12Þ
Through Equation (9) and Equation (11), the average

treatment effect (average treatment effect on the untreated
ATU) of household technical efficiency without using the Internet
is obtained as:

ATUi ¼ E Y1i di ¼ 0
�
�

� �� E Y0i di ¼ 0
�
�

� � ¼ β1 � β0
� �

X0i þ σ1ϵ � σ0ϵ
� �

λ0i

ð13Þ
Data and variables. The data in this article comes from the China
Labor Dynamics Survey (CLDS) conducted by the Social Science
Survey Center of Sun Yat-sen University in 2018. The survey
adopts the probability sampling method, which involves a multi-
stage, multi-level, and proportional sampling method based on
the size of the labor force. The survey data includes three levels of
labor force individual, family, and community. The survey covers
individual basic characteristics, household income, household
consumption, rural household production, and community con-
ditions. The research object of this paper is the smallholders
engaged in grain production, so only the samples involved in
grain production are retained. At the same time, in the data
processing, the family questionnaire, the individual household
head questionnaire, and the village residence questionnaire were
matched and merged, and the samples with zero actual cultivated
land area and missing key variables were removed. Finally, we
obtained data from 1699 households covering 25 provinces. The
locations of the provinces covered by the survey are shown in
Fig. 2. From the basic characteristics of the samples, the age of the
household head is mainly 50 years old or above, the education
level is mostly junior high school or below, and the family size is
mainly 3–4 people. The sample is in line with the reality of
China’s rural labor force aging and low education level, and has a
good representativeness.

Internet use is the core variable of this paper. Referring to the
existing studies (Shimamoto et al., 2015; Hou et al., 2019; Zheng
et al., 2021), we construct dummy variables for measuring. A
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value of 1 is given if the household has access to the Internet
using a mobile phone, tablet, or computer, and 0 is given
otherwise. In our sample, 59.4% of the smallholders in the
survey sample use the Internet, which is the mean of
Internet usage.

Several variables are selected to perform the PSM and the bias-
corrected SPF. Based on existing studies, this paper examines and
controls the impact of relevant characteristics on smallholder
adoption of the Internet from the three levels individual,
household, and village. Whether or not to access the Internet is
a household decision-making behavior, and the head of the family
often plays a prominent role in decision-making (Jenkins et al.,
2019). Therefore, at the individual level, the age, gender,
education level, ethnicity, and health status of the household
head were selected as control variables. At the household level,
this paper selects household size and economic income to control
the impact of household characteristics on Internet use decision-
making. Household Internet use is also closely related to local
infrastructure. The topography, scale, and geographical location
of the village can all impact the construction of the village’s
network facilities (Forman et al., 2005; Shaffril et al., 2010).
Therefore, at the village level, this paper selects the topography of
the village, the scale of the village, and the distance from the
village to the county seat as control variables. The descriptive
statistics of those variables are shown in Table 1.

According to Table 1, the household heads of small farmers are
mainly male, and the average age is 55, which is consistent with the
current aging trend of the rural labor force in China. The average
education level of the household heads is 2.503. It can be seen that,
on average, the education level of the sample is below junior high
school, indicating a low education level. The average household size is
4.419, indicating that the total population of smallholder households
averaged around 4–5 people. In general, the characteristics of the

sample are basically in line with the basic situation of China’s rural
areas at this stage and are representative to a certain extent.

Results and discussion
Technical efficiency estimation. The likelihood ratio test was
performed on the stochastic frontier estimation results of the
C–D production function and the translog production functions.
The LR value in the result was 59.22, indicating the null
hypothesis of no interaction between variables was rejected sig-
nificantly. Therefore, the translog production function is more
suitable.

The results of the maximum likelihood estimation of the
production function using the conventional SPF method and the
bias-corrected SPF method are shown in Table 2. The estimation
results of the bias-corrected SPF model show that the selection
bias term, ρ, is statistically significant at the five percent level,
indicating that selection bias does exist. Therefore, it is
necessary to use a bias-corrected SPF method for technical
efficiency estimation. From the estimated coefficients of each
input variable, the input of labor and land has a significant
impact on the output, and the labor contributes more to the
output. This could be due to China’s population aging and high-
quality labor resources leaving the country, which results in a
large output elasticity of labor (Li and Sicular, 2013). On the
other hand, the extensive production mode of high input and
high consumption among smallholders in China results in an
output increase that is more dependent on basic elements such
as labor and land (Yao and Liu, 1998).

The mean difference in technical efficiency estimated using the
conventional SPF and the bias-corrected SPF for different
Internet usage is presented in Fig. 3. It is evident that, on
average, households using the Internet have higher technical

Fig. 2 Location of the study area.
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efficiency compared to households that do not use the Internet.
Furthermore, in terms of the degree of difference, the technical
efficiency calculated using the traditional SPF shows greater
variation between the groups. Therefore, it is necessary to solve
selectivity bias to obtain accurate estimation results.

The determinants of Internet use. This paper employs a logit
regression model to estimate the propensity score for whether
households use the Internet or not. The regression results
reported in Table 3 show that the probability of smallholders
using the Internet is affected by many factors, including the

Table 1 The descriptive statistics of variables.

Variables Definition Mean Stand error

SPF model
Output Total output value of grain crops (yuan) 13291.11 25863.23
Labor input The number of laborers engaged in agricultural production for more than 3 months in a year

(person)
1.693 0.703

Land input The planting area of grain crops (mu) 9.943 21.536
Capital input Amount of direct investment in grain planting, including expenditure on cultivation, fertilizers,

pesticides, etc. (yuan)
5284.292 11429.85

Individual characteristics
Age The age of the head of the household 55.213 10.919
Gender 1 if the head of the household is male, 0 otherwise 0.916 0.277
Education level The education level of the head of the household: 1= not attending school; 2= primary school;

3= junior high school; 4= high school or secondary school; 5= college or above
2.468 0.839

Ethnicity 1 if the ethnicity of the head of the household is Han nationality; 0 otherwise 0.899 0.302
Health status The health status of the head of the household: 1= very unhealthy; 2= less healthy; 3=

general health; 4= relatively healthy; 5= very healthy
3.477 1.035

Household characteristics
Household size The total number of household members 4.419 2.107
Total household income The total income of the household (yuan), treated as a logarithm 9.736 1.159

Village characteristics
Village topography The terrain of the village: 1 if the terrain of the village is plain; 0 otherwise 0.566 0.496
Village size The number of households in the village 6.290 0.749
Distance to county The distance between the village and the county (km) 24.204 22.598

Table 2 Parameter estimation results of the SPF model.

Conventional SPF Bias-corrected SPF

Pooled Users Non-users Pooled Users Non-users

lnL 0.771** 0.014 1.545*** 0.722** 0.123 1.415**

(0.333) (0.454) (0.495) (0.327) (0.450) (0.490)
lnK 0.038 0.141 −0.060 0.037 0.150 −0.097

(0.139) (0.176) (0.244) (0.136) (0.173) (0.242)
lnT 0.630*** 0.983*** 0.161 0.636*** 0.979*** 0.231

(0.147) (0.194) (0.236) (0.144) (0.192) (0.235)
lnL2 −0.105 0.069 −0.281 −0.114 0.064 −0.310*

(0.114) (0.148) (0.184) (0.112) (0.146) (0.114)
lnK2 0.048*** 0.045*** 0.049** 0.047*** 0.044*** 0.051***

(0.011) (0.013) (0.019) (0.010) (0.013) (0.019)
lnT2 0.041** 0.075*** 0.002 0.044** 0.078** 0.009

(0.020) (0.027) (0.027) (0.019) (0.027) (0.027)
lnKL −0.061 0.013 −0.139* −0.056 −0.002 −0.121

(0.049) (0.063) (0.078) (0.048) (0.062) (0.077)
lnKT −0.069*** −0.123*** 0.004 −0.072*** −0.125*** −0.009

(0.025) (0.032) (0.039) (0.024) (0.032) (0.039)
lnTL −0.038 −0.074 −0.016 −0.038 −0.065 −0.023

(0.068) (0.090) (0.102) (0.067) (0.089) (0.100)
Constant 5.431*** 4.966*** 6.003*** 5.167*** 4.531*** 5.936***

(0.492) (0.670) (0.805) (0.484) (0.673) (0.801)
s(v) −0.637*** −0.588*** −0.800*** −0.684*** −0.594*** −0.844***

(0.058) (0.077) (0.088) (0.057) (0.085) (0.088)
s(u) −2.498*** −2.746*** −2.157*** −2.457*** −2.912*** −2.098***

(0.317) (0.554) (0.323) (0.293) (0.729) (0.299)
ρ - - - 0.714** 0.654** 0.584***

- - - (0.092) (0.142) (0.140)
Log-likelihood 1995.499 −1124.358 −846.471 −1965.889 −1113.917 −837.825
Number of obs 1699 952 747 1699 952 747

Note: Standard error in parentheses; *p < 0.1; **p < 0.05; ***p < 0.001.

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-023-02149-0 ARTICLE

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |          (2023) 10:643 | https://doi.org/10.1057/s41599-023-02149-0 7



individual characteristics of the head of the household, the
characteristics of the household, and the characteristics of the
village. It was found that the age of the household head has a
significant negative impact on the probability of households using
the Internet. For every year older than the head of a household,
the probability of a household accessing the Internet decreases by
1.1%. The education level of the household head has a significant
positive impact on the choice of the Internet. The probability of a
household being connected to the Internet increases by 4.2% for
every level of education. This is because farmers with higher
education possess greater learning abilities and cognitive skills,
making them more receptive to new ideas and technologies (Jung,
2008). In addition, the health status of the household head also
has a significant positive impact on Internet technology adoption,
which aligns with the findings of Charness and Holley (2004).

At the level of household characteristics, household size has a
significant positive impact on Internet use. For every additional
person in a household, the probability of having Internet access

increases by 1.7%. The possible reason is that in larger families, it
can be more challenging to interconnect and communicate
effectively among members, hence the higher likelihood of using
Internet technology to ensure smooth communication (Sharaievska,
2017). The results also show that household economic income also
has a significant positive impact on Internet use. For each unit
increase in income, the probability of Internet access increases by
9.0%. This may be because households with higher economic
income have the financial strength to bear the cost of the Internet,
and more sufficient funds can be used to improve business
efficiency by using Internet technology, so they will actively use
Internet technology.

At the level of village characteristics, village topography has a
significant positive impact on farmers’ use of Internet technology.
When the village terrain is plain, the probability of farmers
accessing the Internet increases by 6.0%. This is because whether
households use the Internet is closely related to the quality of
local network infrastructure. In villages with flat terrain, the cost
of infrastructure, such as network optical cables, is lower, and the
Internet coverage is higher. Thus, smallholders are more likely to
choose to use the Internet.

Average treatment effect on the impact of Internet use on
smallholders’ technical efficiency
Common support domain test. To ensure the validity of the PSM
model estimation, the data must be tested for common support.
That is to say; it is essential that most of the propensity score
values for both the treatment group and the control group fall
within the common value range. Otherwise, excessive sample
omission may occur, which can affect the accuracy of the
matching results. Figure 4 displays the common value range of
the propensity scores after radius matching. It is evident that
there is substantial overlap between the treatment group and the
control group after matching, with only a small amount of sample
loss. This indicates that the common support domain conditions
are met, and the matching results are reliable.

Balance test. To ensure that there is no significant difference in
variable characteristics between the treatment group and the
control group samples after matching in different dimensions,
this study further conducts a balance test. The test results of the
three matching methods are shown in Table 4. After matching,
the Pseudo-R2 value decreased significantly, and all were below
0.01; the LR statistic decreased from 330.290 to below 15; the

Fig. 3 Descriptive analysis of technical efficiency by Internet use.

Table 3 Estimated results of factors influencing Internet use
decisions.

Variable Coefficient R.S.E Marginal
effect

R.S.E

Individual characteristics
Age −0.054*** 0.006 −0.011*** 0.001
Gender −0.119 0.200 −0.024 0.040
Education level 0.210*** 0.067 0.042*** 0.013
Ethnicity −0.014 0.191 −0.003 0.039
Health status 0.130** 0.055 0.026** 0.011

Household
characteristics
Household size 0.082*** 0.026 0.017*** 0.005
Total household
income

0.447*** 0.051 0.090*** 0.009

Village characteristics
Village topography 0.295** 0.118 0.060** 0.024
Village size 0.062 0.073 0.013 0.015
Distance to county 0.003 0.003 0.001 0.001
Prob > chi2 0.000

Pseudo R2 0.142
Number of obs 1699

Notes: **p < 0.05; ***p < 0.001.
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mean deviation and median deviation also decreased significantly.
In addition, the standardized mean difference of the matched
models, the B value, all dropped below the 25% threshold pro-
posed by Rubin (2001). In conclusion, after matching, each
parameter satisfies the balance hypothesis test, thus, there is no
statistically significant difference in each covariate, and the data is
well-balanced.

The estimated result of the PSM model. In this study, three dif-
ferent matching methods, k-nearest neighbor matching, radius
matching, and kernel matching, are used to estimate the impact of
Internet use on smallholders’ technical efficiency. The specific

results are shown in Table 5. The estimation results obtained by
the three different matching methods are consistent, indicating
that the results have good robustness. Regardless of using con-
ventional SPF or bias-corrected SPF to measure technical effi-
ciency, after PSM estimation, it is found that Internet use has a
significant positive impact on smallholders’ technical efficiency.
That is, the use of the Internet increases the technical efficiency of
grain production by smallholders, which is consistent with some
previous studies on bananas (Zheng et al., 2021) and apples (Zhu
et al., 2021). The last row of Table 5 presents the average values of
the estimation results obtained from three matching methods. It
can be observed that after correcting for bias, the technical effi-
ciency of smallholders using the internet is 0.011 higher than
those who do not use the internet. Furthermore, our results show
that regardless of the matching method used, the impact of
Internet technology on households’ technical efficiency is
underestimated when using conventional SPF to measure tech-
nical efficiency. Therefore, it is reasonable to use the bias-
corrected SPF model to measure technical efficiency.

Robustness test
Sensitivity analysis. The PSM method is mainly based on obser-
vable variables for matching, so if some important unobservable
variables are omitted, it will cause the problems of “hidden bias”.
To further test the robustness of the results, this paper uses the
boundary method to assess the sensitivity of the PSM estimation

Fig. 4 Common range of propensity scores (radius matching).

Table 4 Balance test results of explanatory variables before and after matching.

Pseudo-R2 LR chi2 p > chi2 Mean bias Med bias B

Unmatched 0.142 330.290 0.000 24.9 18.0 93.5*

Nearest neighbor matching 0.006 14.510 0.151 4.2 3.3 17.6
Radius matching 0.006 14.700 0.143 4.4 4.0 17.8
Kernel matching 0.004 10.920 0.364 4.0 3.2 15.2

Note: * indicates the critical value of B > 25%.

Table 5 Average treatment effect of Internet use on
technical efficiency.

Conventional SPF Bias-corrected SPF

ATT S.E. T-stat ATT S.E. T-stat

Nearest neighbor
matching

0.008* 0.005 1.64 0.010** 0.005 1.99

Radius matching 0.010** 0.005 2.04 0.012** 0.005 2.43
Kernel matching 0.008* 0.004 1.84 0.010** 0.005 2.17
Mean 0.009 0.011

Note: *p < 0.1; **p < 0.05.
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results to hidden biases. The specific results are shown in Table 6.
The parameter Gamma refers to the influence of uncontrolled
factors on whether farmers use the Internet. If the conclusion is
not significant when Gamma is close to 1, then the PSM results
are considered less robust. In this paper, hidden bias estimation is
carried out for three types of matching methods. It can be seen
that from the level of 1 to 2, the sensitivity is only reflected when
the Gamma coefficient is greater than 1.5, 1.6, and 1.8, respec-
tively. This shows that the hidden bias problem in PSM estima-
tion can be ignored, and the estimation results based on the PSM
model are robust.

Estimated results of the ESR model. The ESR model considers the
influence of both observed and unobserved factors, which can
effectively solve the problem of selection bias. Therefore, this study
analyzes the impact of Internet use on householders’ technical
efficiency to confirm the robustness of the PSM regression results.
This paper uses the proportion of Internet users in the same village
as the instrumental variable to address the endogeneity issue in
estimating the impact of Internet use on households’ technical
efficiency. First of all, the proportion of Internet users in the same
village reflects the perfection and popularity of network facilities in
the village to a certain extent, so it is related to the Internet use of

households. Secondly, the use of the Internet by others will not
affect the technical efficiency of small-scale farmers, which can
confirm the exogenous nature of instrumental variables. Further-
more, the Cragg-Donald Wald F statistic has a value of 129.670,
indicating that the instrumental variable does not suffer from weak
instrument bias. Therefore, the instrumental variables selected in
this paper are reasonable and effective.

Table 7 reports the treatment effect of Internet use on technical
efficiency obtained by using the ESR model. The regression results
showed that the mean treatment effect of households with and
without the Internet was 0.004 and 0.003, respectively, both of
which were significant at the 1% level. It indicates that Internet use
has a positive treatment effect on technical efficiency. Households
using the Internet experience an increase in technical efficiency by
0.004; while if the households that do not use the Internet use the
Internet, the technical efficiency will increase by 0.003. This is
consistent with the average treatment effect obtained by using the
PSM model above, indicating that after the PSM treatment, the
effect of Internet use on technical efficiency is relatively stable.

Mechanism analysis. The above regression results broadly reveal
that Internet use can significantly improve the technical efficiency of
households, but it does not answer the question of how Internet use
affects the technical efficiency of farmers. Next, this paper empiri-
cally tested the three potential channels proposed in the above
analysis. In this paper, the availability of financial loans for small-
holders is reflected by whether households borrow or not. The social
capital of households is measured by the total amount of household
gift payments. The mechanized farming of smallholders is measured
by whether machinery is used in the process of grain production.

Table 8 reports the PSM estimation results of the above three
channels, and the results of the three matching methods are the
same. Specifically, Internet use significantly increases the prob-
ability of borrowing, which indicates that Internet technology
improves the availability of financial lending. With the advan-
tages of Internet finance, households can obtain funds promptly,
thereby alleviating the cost pressure of technology applications.
Internet use positively affects household gift money expenditure
at a significant level of 1%, indicating that Internet use expands
the social network of households. As an efficient and convenient
communication tool, Internet technology reduces the commu-

Table 7 Average treatment effect of Internet use on smallholders’ technical efficiency.

Group Decision stage Treatment effect

Using the Internet Not using the Internet ATT ATU

Smallholders using the Internet 0.777 0.773 0.004***

Smallholders not using the Internet 0.771 0.768 0.003***

Note: *** represents statistical significance at the 1% level.

Table 8 Estimated results of potential mechanisms of Internet use on technical efficiency.

Financial constraints Social capital Mechanized farming

ATT T-stat ATT T-stat ATT T-stat

Nearest neighbor matching 0.080*** 2.68 1.722*** 3.25 0.107*** 3.47
Radius matching 0.091*** 3.05 1.611*** 2.98 0.101*** 3.25
Kernel matching 0.082*** 2.90 1.731*** 3.51 0.107*** 3.70
Mean 0.084 1.688 0.105

Note: *** represents statistical significance at the 1% level.

Table 6 Boundary sensitivity analysis.

Gamma Nearest neighbor
matching

Radius matching Kernel
matching

sig+ sig− sig+ sig− sig+ sig−

1 <0.001 <0.001 <0.001 <0.001 0 0
1.1 <0.001 <0.001 <0.001 0 <0.001 0
1.2 <0.001 0 <0.001 0 <0.001 0
1.3 <0.001 0 <0.001 0 <0.001 0
1.4 0.007 0 <0.001 0 <0.001 0
1.5 0.060 0 0.004 0 <0.001 0
1.6 0.234 0 0.034 0 0.001 0
1.7 0.521 0 0.146 0 0.012 0
1.8 0.785 0 0.369 0 0.063 0
1.9 0.931 0 0.636 0 0.197 0
2 0.984 0 0.840 0 0.416 0
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nication cost for smallholders to communicate with each other
and promotes the dissemination and application of production
technology. Internet use also significantly increases the likelihood
that households use machinery for production. With the help of
Internet technology, smallholders’ demand for productive
services will be met and realized “can’t be affordable but use”,
thus obtaining the division of labor and economies of scale
brought about by external social services and improving technical
efficiency. To sum up, the role of the Internet in alleviating
financial constraints, enhancing social capital, and promoting
mechanized farming has been verified.

Conclusion and policy recommendation
Improving the technical efficiency of agricultural production is an
urgent issue in China, as is the case in many developing countries.
In this study, we examine the impact of Internet use on small-
holders’ technical efficiency using data from a sample of 1699
smallholders engaged in grain crop production in China. We
found that the decision of households to access the Internet was
significantly influenced by the individual characteristics of the
head of the household, the characteristics of the household, and
the characteristics of the village. The education level and health
status of the household head, the income and size of the house-
hold, and the plain terrain of the village significantly increased the
likelihood of households using the Internet. An increase in the
age of the head of the household will reduce the probability of
households using the Internet.

We also found that Internet use is positively correlated with
increased technical efficiency of grain production. Sample selec-
tion bias arising from unobservable factors such as risk appetite
will affect the accuracy of the estimates. After correcting for
selection bias, the effect of Internet use on the technical efficiency
of grain production becomes bigger. That is, failure to address
selection bias would result in underestimating the impact of
Internet use on smallholder technical efficiency. Our results,
obtained using an endogenous switching model, also demonstrate
the effect of Internet use on technical efficiency. Although the
research topics are different, the findings are consistent with
Reddy’s (2018) study, both supporting some positive transfor-
mative trends of the Internet in the agricultural sector.

In addition, we also verified the potential channels through
which the use of the Internet affects the technical efficiency of
grain production. The results show that the use of the Internet
affects technical efficiency through three channels. First, the
Internet can improve the availability of financial loans and alle-
viate the cost pressure of applying new technologies. Second,
Internet technology can expand the social capital of households,
which is conducive to the dissemination and application of pro-
duction technology. Third, Internet technology has improved the
mechanized farming level of farmers, effectively resolved the
structural contradiction of the allocation of human and land
factors, and thus improved technical efficiency.

The following policy implications are drawn from the results of
this study. Firstly, our research emphasizes the positive role of
Internet use in improving the technical efficiency of grain pro-
duction. In practice, policymakers should not only increase capital
investment in rural Internet infrastructure but also formulate
policies to reduce network access costs, to improve the popularity of
the Internet in rural areas. Secondly, policies aimed at promoting
the use of emerging technologies should fully consider the hetero-
geneous characteristics of smallholders and determine specific
popularizing measures suitable for different groups. Encouraging
smallholders to access information through various channels,
including traditional agricultural production services and farmers’
organizations, as well as agricultural information platforms

provided through social media and applications. Thirdly, policy-
makers can establish technical training centers to provide technical
advisory services to farmers, improve rural education and training
opportunities, and assist farmers in adopting internet technology
and new agricultural production techniques. Finally, in the process
of improving the technical efficiency of grain production, we cannot
rely solely on the Internet. The government can cooperate with
banks, research institutions, cooperatives, agricultural enterprises,
and other entities to develop diverse policy measures that provide
financial, technological, and production support to smallholders.
For example, establishing agricultural development funds to offer
credit support, promoting technology research and dissemination,
and establishing modern agricultural production service systems.

This article may have some shortcomings. First, limited by the
survey data, the measurement of the Internet in this paper is limited
to the use of basic networks, and it is impossible to accurately
measure the extent to which the Internet provides farmers with
effective information to help them make production decisions. In
the future, if more in-depth Internet usage data can be collected, it
will provide more reliable data support. Second, the development of
the Internet is a dynamic process. This paper uses cross-sectional
data to analyze the impact of Internet use on the technical efficiency
of grain crop production, and it is impossible to measure the
dynamic impact of the Internet. It is necessary to use panel data for
further in-depth research in the future.

Data availability
The datasets analyzed during the current study are available from
the corresponding author upon reasonable request. The data are
not publicly available due to privacy and ethical restrictions.
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Notes
1 Data from the Ministry of Agriculture and Rural Affairs, PRC.
2 Data from “2020 Evaluation Report on The Level of Digital Agriculture and Rural
Development at County level” issued by the Ministry of Agriculture and Rural Affairs
of The People’s Republic of China.

References
Aker JC, Ghosh I, Burrell J (2016) The promise (and Pitfalls) of ICT for agriculture

initiatives. Agric Econ 47(S1):35–48
Andonova V (2006) Mobile Phones, the Internet and the institutional environ-

ment. Telecommun Policy 30(1):29–45
Asmare F, Jaraitė J, Kažukauskas A (2022) Climate change adaptation and pro-

ductive efficiency of subsistence farming: a bias-corrected panel data sto-
chastic frontier approach. J Agric Econ 73(3):739–760

Bauernschuster S, Falck O, Woessmann L (2014) Surfing alone? The internet and
social capital: evidence from an unforeseeable technological mistake. J Public
Econ 117:73–89

Boateng A, Asongu S, Akamavi R, Tchamyou V (2018) Information asymmetry
and market power in the African banking industry. J Multinatl Financ Manag
44:69–83

Bongaarts J (2019) IPBES, 2019. Summary for policymakers of the global assess-
ment report on biodiversity and ecosystem services of the Intergovernmental
Science-Policy Platform on Biodiversity and Ecosystem Services. Popul Dev
Rev 45(3):680–681

Charness N, Holley P (2004) The new media and older adults: usable and useful?
Am Behav Sci 48(4):416–433

Chen Y, Zhang Z, Mishra AKK (2023) A flexible and efficient hybrid agricultural
subsidy design for promoting food security and safety. Humanit Soc Sci
Commun 10(1):372

Cui X, Ma L, Tao T, Zhang W (2022) Do the supply of and demand for rural public
service facilities match? assessment based on the perspective of rural resi-
dents. Sustainable Cities and Society 82:103905

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-023-02149-0 ARTICLE

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |          (2023) 10:643 | https://doi.org/10.1057/s41599-023-02149-0 11



Daum T, Villalba R, Anidi O, Mayienga SM, Gupta S, Birner R (2021) Uber for
tractors? Opportunities and challenges of digital tools for tractor hire in India
and Nigeria. World Dev 144:105480

Diao X, Cossar F, Houssou N, Kolavalli S (2014) Mechanization in Ghana: emerging
demand, and the search for alternative supply models. Food Policy 48:168–181

Donovan J, Poole N (2014) Changing asset endowments and smallholder partici-
pation in higher value markets: evidence from certified coffee producers in
Nicaragua. Food Policy 44:1–13

Forman C, Goldfarb A, Greenstein S (2005) Geographic location and the diffusion
of Internet technology. Electron Commer Res Appl 4(1):1–13

Granderson AA (2014) Making sense of climate change risks and responses at the
community level: a cultural-political lens. Clim Risk Manag 3:55–64

Greene W (2010) A stochastic frontier model with correction for sample selection.
J Product Anal 34(1):15–24

Hou J, Huo X, Yin R (2019) Does computer usage change farmers’ production and
consumption? Evidence from China. China Agric Econ Rev 11(2):387–410

Huq ME, Fahad S, Shao Z, Sarven MS, Al-Huqail AA, Siddiqui MH, Rahman
MHU, Khan IA, Alam M, Saeed M, Rauf A, Basir A, Jamal Y, Khan SU
(2019) High arsenic contamination and presence of other trace metals in
drinking water of Kushtia Dstrict, Bangladesh. J Environ Manag 242:199–209

Jenkins GP, Anyabolu HA, Bahramian P (2019) Family decision-making for
educational expenditure: new evidence from survey data for Nigeria. Appl
Econ 51(52):5663–5673

Jensen R (2007) The digital provide: information (technology), market perfor-
mance, and welfare in the South Indian Fisheries Sector. Q J Econ
122(3):879–924

Jin J, Wang W, He R, Gong H (2017) Pesticide use and risk perceptions among small-
scale farmers in Anqiu County, China. Int J Environ Res Public Health 14(1):29

Jung JH (2008) Farmers’ education, technology adoption and income: a case of eco-
friendly farming in Korean farm households. Korean J Agric Econ
49(3):71–94

Khan N, Ray RL, Zhang S, Osabuohien E, Ihtisham M (2022) Influence of mobile
phone and Internet technology on income of rural farmers: evidence from
Khyber Pakhtunkhwa Province, Pakistan. Technol Soc 68:101866

Leta G, Stellmacher T, Kelboro G, Van Assche K, Hornidge A (2018) Social
learning in smallholder agriculture: the struggle against systemic inequalities.
J Workplace Learn 30(6):469–487

Leta TB, Berlie AB, Ferede MB (2021) Effects of the current land tenure on aug-
menting household farmland access in South East Ethiopia. Human Soc Sci
Commun 8(1):35

Li J, Lin Q (2023) Threshold effects of green technology application on sustainable
grain production: evidence from China. Front Plant Sci 14:1107970

Li M, Sicular T (2013) Aging of the labor force and technical efficiency in crop
production. China Agric Econ Rev 5(3):342–359

Min S, Liu M, Huang J (2020) Does the application of ICTs facilitate rural eco-
nomic transformation in China? Empirical evidence from the use of smart-
phones among farmers. J Asian Econ 70:101219

Mitra S, Mookherjee D, Torero M, Visaria S (2018) Asymmetric information and
middleman margins: an experiment with Indian potato farmers. Rev Econ
Stat 100(1):1–13

Mwalupaso GE, Wang S, Rahman S, Alavo EJ, Tian X (2019) Agricultural infor-
matization and technical efficiency in maize production in Zambia. Sus-
tainability 11(8):2451

Ostad-Ali-Askari K, Shayannejad M, Ghorbanizadeh-Kharazi H (2017) Artificial
neural network for modeling nitrate pollution of groundwater in marginal
area of Zayandeh-Rood River, Isfahan, Iran. Ksce J Civ Eng 21(1):134–140

Paltasingh KR, Basantaray AK, Jena PK (2022) Land tenure security and farm
efficiency in Indian agriculture: revisiting an old debate. Land Use Policy
114:105955

Pangapanga-Phiri I, Mungatana ED (2021) Adoption of climate-smart agricultural
practices and their influence on the technical efficiency of maize production
under extreme weather events. Int J Disaster Risk Reduct 61:102322

Parlasca MC, Johnen C, Qaim M (2022) Use of mobile financial services among
farmers in Africa: insights from Kenya. Glob Food Secur 32:100590

Qiu T, Shi X, He Q, Luo B (2021) The paradox of developing agricultural
mechanization services in China: supporting or kicking out smallholder
farmers? China Econ Rev 69:101680

Reddy AA (2018) Electronic national agricultural markets: the way forward. Curr
Sci 115(5):826–837

Rubin DB (2001) Using propensity scores to help design observational studies:
application to the tobacco litigation. Health Serv Outcomes Res Methodol
2(3):169–188

Shaffril HAM, Abu Samah B, Abu Hassan M, D’Silva JL (2010) Socio-economic
factors that impinge computer usage in administration works among village
leaders in Malaysia. Sci Res Essays 5(23):3623–3633

Sharaievska I (2017) Updating the family operating system: a literature review of
information communication technology and family leisure. Leisure Sci
39(5):400–414

Shi M, Paudel KP, Chen F (2021) Mechanization and efficiency in rice production
in China. J Integr Agric 20(7):1996–2008

Shimamoto D, Yamada H, Gummert M (2015) Mobile phones and market
information: evidence from rural Cambodia. Food Policy 57:135–141

Tadesse G, Bahiigwa G (2015) Mobile phones and farmers’ marketing decisions in
Ethiopia. World Dev 68:296–307

Tang L, Liu Q, Yang W, Wang J (2018) Do agricultural services contribute to cost
saving? Evidence from Chinese rice farmers. China Agric Econ Rev
10(2):323–337

Tchamyou VS, Erreygers G, Cassimon D (2019) Inequality, ICT and financial
access in Africa. Technol Forec Soc Change 139:169–184

Tompkins EL, Adger WN (2005) Defining response capacity to enhance climate
change policy. Environ Sci Policy 8(6):562–571

Twumasi MA, Jiang Y, Fosu P, Addai B, Essel CHK (2022) The impact of credit
constraint on artisanal fishers’ technical efficiency: stochastic frontier and
instrumental variable approach. Reg Stud Mar Sci 50:102149

Villano R, Bravo-Ureta B, Solís D, Fleming E (2015) Modern rice technologies and
productivity in the Philippines: disentangling technology from managerial
gaps. J Agric Econ 66(1):129–154

Wang J, Tao J, Yang C, Chu M, Lam H (2017) A general framework incorporating
knowledge, risk perception and practices to eliminate pesticide residues in
food: a structural equation modelling analysis based on survey data of 986
Chinese farmers. Food Control 80:143–150

Wouterse F, Badiane O (2019) The role of health, experience, and educational
attainment in agricultural production: evidence from smallholders in Burkina
Faso. Agric Econ 50(4):421–434

Yao S, Liu Z (1998) Determinants of grain production and technical efficiency in
China. J Agric Econ 49(2):171–184

Yu L, Chen C, Niu Z, Gao Y, Yang H, Xue Z (2021) Risk aversion, cooperative
membership and the adoption of green control techniques: evidence from
China. J Clean Prod 279:123288

Yuan F, Tang K, Shi Q (2021) Does Internet use reduce chemical fertilizer use?
Evidence from rural households in China. Environ Sci Pollut Res
28(5):6005–6017

Zheng H, Ma W, Wang F, Li G (2021) Does Internet use improve technical
efficiency of banana production in China? Evidence from a selectivity-
corrected analysis. Food Policy 102:102044

Zheng Y, Zhu T, Jia W (2022) Does Internet use promote the adoption of agri-
cultural technology? Evidence from 1449 farm households in 14 Chinese
Provinces. J Integr Agric 21(1):282–292

Zhu X, Hu R, Zhang C, Shi G (2021) Does Internet use improve technical effi-
ciency? Evidence from apple production in China. Technol Forec Soc Change
166:120662

Acknowledgements
This research uses data from the China Labor Dynamics Survey (CLDS). We thank the Social
Science Research Center of Sun Yat-sen University for its data collection. This work was
supported by the National Social Science Fund of China [grant No. 22&ZD113] and the
National Natural Science Foundation of China [grant No. 71933005].

Author contributions
YF: Conceptualization, methodology, formal analysis, Writing—original draft. YZ:
Conceptualization, methodology, formal analysis, writing—review & editing, funding
acquisition.

Competing interests
The authors declare no competing interest.

Ethical approval
This article does not contain any studies with human participants performed by any of
the authors.

Informed consent
This article does not contain any studies with human participants performed by any of
the authors.

Additional information
Correspondence and requests for materials should be addressed to Yuchun Zhu.

Reprints and permission information is available at http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

ARTICLE HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-023-02149-0

12 HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |          (2023) 10:643 | https://doi.org/10.1057/s41599-023-02149-0

http://www.nature.com/reprints


Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,

adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this license, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2023

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-023-02149-0 ARTICLE

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |          (2023) 10:643 | https://doi.org/10.1057/s41599-023-02149-0 13

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Internet use and technical efficiency of grain production in China: a bias-corrected stochastic frontier model
	Introduction
	Background
	Research analysis
	Methods
	Model setting
	Selection-corrected SPF
	Propensity score matching
	Endogenous switching regression
	Data and variables

	Results and discussion
	Technical efficiency estimation
	The determinants of Internet use
	Average treatment effect on the impact of Internet use on smallholders&#x02019; technical efficiency
	Common support domain test
	Balance test
	The estimated result of the PSM model
	Robustness test
	Sensitivity analysis
	Estimated results of the ESR model
	Mechanism analysis

	Conclusion and policy recommendation
	Data availability
	References
	References
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




