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Abstract: Digital agricultural technology extension service and sustainable food production have attracted
attention from academia. However, the association between digital agricultural technology extension service
and sustainable food production has not yet been fully investigated. This research investigates the average and
heterogeneous impacts of digital agricultural technology extension service use on eco-efficiency among 1302
maize producing farmers from Northeast China major maize producing area in 2022 to fill this knowledge gap.
The slack-based measure model with undesirable outputs is applied to calculate the eco-efficiency of maize
production. To obtain an unbiased estimation of the average effect, the self-selection problem generated by
observable and unobservable factors is solved by the endogenous switching regression model. Quantile
regression is utilized to analyze the heterogeneous effect. Notably, the mediated effects model is utilized to
examine the potential mechanism between them. Our findings indicate that digital agricultural technology
extension service use can increase maize production's eco-efficiency. Digital agricultural technology extension
service users would reduce eco-efficiency by 0.148 (21.11%) if they had not used the digital agricultural
technology extension service. Digital agricultural technology extension service nonusers would improve eco-
efficiency by 0.214 (35.20%) if they had used it. The robustness check reconfirms the results. Moreover, digital
agricultural technology extension service use is more helpful to maize farmers who have lower eco-efficiency
than those who have higher eco-efficiency. Digital agricultural technology extension service use can improve
eco-efficiency of maize production through the application of organic fertilizers, green pesticides and
biodegradable agricultural films.

Keywords: digital agricultural technology extension service; sustainable food production; eco-efficiency of
maize production; endogenous switching regression; potential mechanism

1. Introduction

Maize is an important staple food in China and the world [1,2], and China is now the leading
maize producer in the world, accounting for 22.54% of the world's total production and 21.06% of its
cultivation area in 2022 [3]. Because of its adaptability to pests and diseases, climate change and
differences in soil quality, high output, and multipurpose, which can be consumed as a vegetable,
fodder and staple food, maize is a vital food for food security and rural socioeconomic development
in China [4-6]. Due to the overuse of agricultural production factors such as chemical fertilizers,
chemical pesticides and plastic films, environmental pollution is currently one of the most prominent
challenges to sustainable maize production and economic development in rural areas [7-11]. The key
to achieve sustainable food production is to improve the eco-efficiency (EE) in maize production with

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202401.0744.v1
http://creativecommons.org/licenses/by/4.0/

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 January 2024 do0i:10.20944/preprints202401.0744.v1

higher desirable output and lower undesirable output [12]. EE was first introduced in 1990 [13] and
has been widely used in different sectors and areas to measure sustainability [14-16]. In agriculture,
EE refers to the ratio of the economic value created by agricultural production to the environmental
impact [12,17-19]. In order to achieve an agricultural green transition and build resource-saving and
environmentally friendly agricultural production systems, increasing agricultural efficiency within
the restrictions of agricultural pollution discharge is an essential decision. To accomplish the
sustainable agricultural production practices, it is imperative to enhance EE.

Digital agricultural technology extension service (DATES) is a new type of agricultural
technology extension service, combining the Internet (PC, smart phone, tablet, etc.) with traditional
agricultural technology extension services (neighborhood exchange, online guidance, technical
training classes, scientific and technological demonstrations and mass media such as newspapers,
radio, television, etc.), and it has the the characteristics of high efficiency, low cost and high
availability [20-22]. DATES can address challenges in traditional agricultural technology extension
service such as poor timeliness, narrow content limitations, time-consuming and labor-intensive
offline guidance, and difficulty in carrying out large-scale technical training lectures during the
COVID-19 epidemic. This contributes to promoting the sustainable transformation of food
production [23]. The Internet has been an efficient way to obtain sustainable production knowledge,
especially in rural China [24]. With the implementation of the “Internet Plus” strategy by Chinese
government, China's rural netizens have grown from 156 million in 2012 to 308 million in 2022, and
the Internet penetration rate in rural areas has increased from less than 23.70% in 2012 to 61.90% in
2022, according to data provided by the China Internet Network Information Center [25]. The
significant increase in rural Internet penetration rate and the number of rural netizens shows that a
large number of rural netizens have become potential target groups for DATES, providing solid
support for the application of DATES to farmers. On the other hand, these large numbers of rural
netizens are direct beneficiaries of the adoption of sustainable food production practices [20].Thus,
DATES, as one of information and communication technologies (ICTs), has been a key driver for
agricultural economics growth, food sustainable production and the integration of agricultural
digitalization and food production.

Many scholars have studied EE from different perspectives. Some of them evaluated the EE of
many agricultural products, i.e., wheat, cotton, soybeans and rice [26-29], the average EE of different
agricultural products is quite different, ranging from 0.51 to 0.89, representing different room for
improvement in sustainable production of different crops, but only a few studies have explored the
EE of maize production. Some studies measured EE from macro, meso and micro perspectives [30-
36]. Although many methods have been developed to evaluate EE, the two most commonly used
methods in previous studies are data envelopment analysis (DEA) and stochastic frontier analysis
(SFA) [4]. SFA, as a parametric methodology, can handle the impact of uncontrollable factors on
inefficiency [37,38], but it is generally only suitable for single-output and multi-input production [39].
DEA is a non parametric frontier methodology to evaluate EE with multiple inputs and outputs [40].
The method avoids issues related to model-settings errors and the impact of nontechnical factors on
the EE [41]. In addition, the traditional DEA has a disadvantage in that it can easily overlook
undesirable outputs during the calculation process, so it cannot obtain the actual efficiency accurately.
Subsequently, the slack-based measure (SBM) model was introduced in 2001, which can overcome
the shortcomings of DEA [42]. Hence, this study adopts the SBM model with undesirable output.

Existing studies have increasingly concentrated on how DATES use affects agricultural
production practices, especially sustainable agricultural practices (SAPs) selection. First of all, DATES
have become an important channel for farmers to obtain technologies and information related to
sustainable food production, meeting their practical needs for solving technical problems and
obtaining technical guidance online, and avoiding the shortcomings of inefficiency of technical
information transmission and restricted time and space that exist in traditional agricultural
technology extension [43,44]. Secondly, as an efficient information tool, DATES can fill the
information gap, reduce information search costs, and accelerate the circulation of agricultural
information [45-47]. Thirdly, farmers use DATES to conduct two-way communication with the
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outside world, improve their decision-making capabilities and risk perception before technology
selection, reduce information negotiation costs [48,49], and change farmers' technology adoption
preferences in order to maximize the economic benefits of agriculture, which in turn has a potential
impact on the sustainable food production [50]. However, few studies have focused on the
relationship between DATES and EE of food production.

The main contribution of this study is to explore the direct effect, heterogeneous effect and
potential mechanism of DATES on EE while effectively solving the endogeneity problem caused by
observable and unobservable variables. This paper offers a possible way to achieve sustainable food
production from the perspective of DATES and building a theoretical bridge between DATES and
sustainable food production. The findings of this paper will present detailed and timely empirical
evidence for the expansion of DATES and a valuable reference for the sustainable development of
food production.

The purpose of this paper is to explore the impact of DATES use on EE of maize production and
potential mechanism between them. Different from existing studies, DATES use is referred to when
maize farmers use the DATES to browse and obtain sustainable technologies and inputs information
about maize production rather than only have smart phone apps or follow the WeChat public
accounts. The endogenous switching regression (ESR) model is utilized to address the self-selectivity
bias from observable and unobservable variables. SBM model is employed to evaluate the EE of
maize production, which refers to the level of sustainable production. Quantile regression (QR)
model is used to investigate the heterogeneous impact of DATES on EE. Mediation model is
employed to explore the potential mechanism between them.

The rest of this paper is organized as follows. Section 2 draws the theoretical analysis and
research hypothesis. Section 3 describes the data and methodology used in this paper. Section 4
presents the estimation results and discussion. Section 5 states the conclusions and policy
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Figure 1. Rural netizens in China from 2012 to 2022.
2. Theoretical analysis and research hypotheses

2.1. Direct effects of the DATES

According to the new economic growth theory, it is known that technological progress is an
important engine for driving sustainable economic growth, and DATES, as an important driving
force for promoting agricultural economic growth, deeply influences the dissemination and diffusion
of information related to the concept, technologies and inputs of sustainable food production, which
contribute to the improvement of the EE of agricultural production. On the one hand, the DATES has
accelerated the promotion and application of maize sustainable production concepts and
technologies. DATES can significantly reduce the cost of searching for information on sustainable
maize production, alleviate the asymmetry of agricultural information, deepen their knowledge of
sustainable food production, and lead farmers to gradually integrate their knowledge into all process
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of maize production, thereby improving the EE of maize production. On the other hand, the
development of the DATES has facilitated the dissemination and diffusion of knowledge on inputs
for sustainable production. The DATES has greatly reduced the threshold of maize farmers' access to
information on sustainable production inputs, accelerated the speed of information dissemination,
broken the traditional information dissemination network based on blood or geography, and
improved maize farmers' knowledge of sustainable inputs such as organic fertilizers, green pesticides
and biodegradable films, and thus realizing the improvement of the EE of maize production. Thus,
this paper proposes hypothesis 1:
H1. DATES use can improve the EE of maize production.

2.2. Heterogeneous effects of the DATES

The impact of DATES use on the EE of maize farmers is heterogeneous. On the one hand, DATES
use improves the utilization efficiency of input factors such as capital and land, and better allocation
efficiency can be achieved in maize production. However, according to the theory of marginal effect,
with the continuous improvement of the utilization efficiency of each input factor, the degree of the
impact of DATES use on input factors will gradually decrease, which in turn affects the improvement
of the EE of maize production.On the other hand, the DATES will accelerate the accumulation of
human capital of maize farmers, but its acceleration effect also has a marginal decreasing trend. The
DATES has promoted the accumulation of human capital of maize farmers by spreading sustainable
production concepts, technologies and inputs. The most direct reflection of the accumulation of
human capital is the change in the EE of the maize production. With the accumulation of human
capital, the impact of DATES use on the EE of the maize production has gradually decreased. Based
on the analysis, this study proposes hypothesis 2:

H2. DATES use affects low-EE maize farmers to a greater extent than high-EE maize farmers.
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Figure 2. Theoretical framework.

2.3. Mediation effects of the DATES

The use of sustainable inputs can improve EE of maize production. As an efficient information
acquisition channel, the DATES can help disseminate and diffuse information about sustainable
inputs, thereby promoting the improvement of EE in maize production. On the one hand, the DATES
can significantly reduce the cost for maize farmers to obtain knowledge related to sustainable inputs.
Under the assumption of rational choice theory, if the benefits of sustainable input information are
greater than their search costs, maize farmers will actively search for and learn relevant information.
This will help stimulate maize farmers' initiative in obtaining information, accelerate the
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accumulation of knowledge about sustainable inputs, and thus affect EE of maize production. On the
other hand, the DATES can increase the speed of information flow on sustainable inputs. Farmers
using the DATES can quickly obtain knowledge about sustainable inputs and the impact on the
agricultural environment, deepen their awareness of the environmental benefits brought by
sustainable inputs, and increase their willingness to use sustainable inputs, which in turn affects the
EE of maize production. In view of this, this study proposes hypothesis 3.

H3. DATES use affects the EE of maize production through using organic fertilizers, green
pesticides and biodegradable agricultural films.

3. Materials and Methods

3.1. Data Collection

The farm household data from maize farmers were collected by China Agriculture Research
System- maize industrial economics research group in 2022. As the three important producing
regions in Northeast China main maize producing area, Heilongjiang, Jilin and Liaoning provinces
were selected as the study regions. Maize output in these three provinces exceeded 92.55 million tons,
accounting for 33.39 percent of China's maize total output in 2022. According to the maize production
capacityt and level of regional economic developmen, nine counties (cities) were randomly selected
from the Northeast China main maize producing area, including Changtu County in Tieling city,
Daowai and Acheng Districts in Harbin city, Longjiang and Gannan Counties in Qiqgihar city, Jiutai
and Yushu Counties in Changchun city, and Gongzhuling and Lishu Counties in Siping city. Firstly,
3-4 townships were randomly selected from each sample district and county based on random
sampling method. Secondly, 3-4 administrative villages were randomly selected from each township.
Finally, 10-16 maize farmers were randomly selected from each administrative village. Therefore, the
final sample included 1302 maize farmers. The survey was based on a participatory approach, with
one-on-one interviews with maize farmers. Thus, the sample is well representative.

All of the sampled maize farmers were given a questionnaire. The survey was limited to only
decision-makers (or family members responsible for maize production). This questionnaire
employed a multi-criteria decision-making approach. Before the survey was done, all of the
respondents went through the same training to make sure they understand the purpose of survey.

3.2. Methodology

3.2.1. The slack-based measure (SBM) model

Assuming returns to scale are constant (CRS), the SBM model is as follows:
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s represents the slack variable of input and output, and s~, s9, and s” are slack variables
denoting input excess, link excess, and output shortfall, respectively. s~, s9, and sP are the variables
when estimating the overall EE of DMU. s7, s9, and s” are strictly decreasing. x;, represents the
observed input of DMU i, y,, represents the observed output of DMU r, and m represents the
number of decision-making units. X, Y9 and Y? are the matrices of the input, good output, and bad
output, respectively, while X, Y9 and Y? are all strictly larger than zero. A represents the constant
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*

vector. p* represents agricultural EE, p* € [0,1],p* =1 means production units completely
efficient, and s~ = s9 = s? = 0; p* < 1 means a production unit’s efficiency loss [5].

3.2.2. Endogenous switching regression (ESR) model

In general, it is not random for maize farmers to make decisions about using DATES, so there is
an issue with self-selection. We employed the ESR model to address this issue, because ESR allows
us to figure out self-selection problem caused by both unobservable and observable factors [51-54],
and ESR models may perform better than propensity score matching (PSM) that only focus on
observable factors [55].

Theoretically, there are two steps in the ESR model. Firstly, a selection equation is created to
characterize whether maize farmers search, browse and acquire sustainable technologies and
information through the DATES. It is notable that a maize farmer chooses to use the DATES when
the predicted value from doing so exceeds the value from not doing so. S; is a dummy variable
utilized to represent the binary option. Given that it is impossible to observe the predicted value, but
it is possible to observe whether a maize farmer uses the DATES, let S/ represent the latent variable
defining the probability of being the DATES user.

Firstly, the decision to use the DATES can be described in the following ways:

Si =ViZij +vi (1)
where S; represents the latent variable of the dummy variable S;, if S >0, S§; =1; if S <0
» §; = 0. Z;; embodies a vector of independent variables used in the selection equation. Note that

the explanatory variables in Z;; can be repeated with X;;, but for better identification, Z;; should

jr
j, thatis, an instrumental variable, which should
have a direct impact on whether maize farmers use the DATES but not on their EE, and thus, we
selected the communication signal intensity of the village as the instrumental variable. v; represents

a random error term assumed to be v;~N(0,07), and y; denotes a vector of parameters to be

contain at least one variable that is not included in X;

estimated.
Secondly, two different outcome equations are established for the DATES users and nonusers in
the following:
EE;; = Z;‘l=1 ﬁ1X1ij +u, if Si=1 2)
EE;; = Z?=1 ﬁzxzij + Uy, ifS; =0 3)

where the DATES users and nonusers are represented by subscripts 1 and 2; X;; represents a
vector of independent variables for the outcome equations; f; is a vector of coefficients to be
estimated; and p,;; and u,; are random error terms assumed to be p;;~N(0,02) and u,;~N(0,02),
respectively.

The error terms in Equations (1), (2), and (3) presume a zero-mean trivariate normal distribution,
and the covariance matrix is listed as below:

6,? 6,71 6,72
cov(vy, yj, Hai) = 5177 512 812 4)
8 821 63

where &7, 67 and 65 are the variances of v;, u;; and py;, respectively. The covariance
between v; and py; are 8;, and &,;; the covariance between v; and p,; are &, and &,;; 81,
and §,; are the covariance between p,; and p,;, but they are not defined since EE;; and EEj;
cannot be observed simultaneously.
Given the self-selectivity bias, the random error terms p,; and u,; are listed as below:
E(uyilS; = 1) = 619y = 61yIMRy; @)
E(uylS; =0) = 52r;/12i = 52n1MR2i (6)
where A;; and A,; are the inverse Mills ratios, which can correct for the selection bias [54,56].
The ESR model can help us to estimate the expected EE for the DATES users and nonusers in
the counterfactual and actual contexts:
E(Yy;|S; = 1) = By X1 + 61y IMRy; (7)
E(Y2|S; = 0) = BpjXpij + 827 IMRy; 8)
E(Yy;|S; = 0) = B X5ij + 827 IMRy; )
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E(Y|S; = 1) = ByjX1ij + 61y IMRy; (10)
We can also estimate the average treatment effect on the treated group (ATT), which is the
difference between Egs. (7) and (9), and the average treatment effect on the untreated group (ATU),
which is the difference between Egs. (8) and (10).
ATT = E(Y,1lS; = 1) — E(%yilS; = 0) (11)
ATU = E(Yy4]S; = 0) — E(Yy]S; = 0) (12)
Due to the self-selectivity bias is accounted for through this computation, ATT and ATU indicate
unbiased estimation.

3.2.3. Quantile regression (QR) model

After measuring the average impact of using the DATES to access sustainable technologies and
information on the EE of maize production, the heterogeneous impact on the EE of maize
production is further explored. The quantile regression model has two main characteristics, one is
that the model is not strongly constrained by the assumptions of the error term, which can effectively
avoid the influence of extreme values in the data, and the estimation results tend to be more robust;
and the other is constructed by using the weighted average of the absolute values of the residuals to
minimize the objective function, which can estimate the regression coefficients of the explanatory
variables under different quantile points (Koenker et al., 1978). The specific model is as follows:

Qq = ag + bgX; + c,W; + ¢ (13)
where @, denotes the EE of maize production of maize farmers, vector X; represents the
explanatory variables, vector W; represents the control variables, a,, b, and c, denotes the
parameters to be estimated, and ¢; denotes the error term.

3.2.4. Mediation effects model

Combining the stepwise regression method and bootstrap method, the mediating role of green
inputs in the impact of using the DATES on the EE of maize production was tested. The mediating
effect model is as follows:

Mi = bo + b1Xi + bZNi + & (15)
Y; =co + 1 X+ coM; + c3N; + &5 (16)

where Y; denotes the EE of maize production, vector X; represents the explanatory variables,
vector M; represents the mediating variables, vector N; represents the control variables, a, b and
c denotes the parameters to be estimated, and ¢ is the error term.

4. Results and Discussion

4.1. Descriptive Statistics

The variables are composed of two parts: (1) inputs, desirable output, undesirable outputs and
related emission coefficients in SBM model and (2) dependent variables, control variables,
instrumental variables and treatment variables for the ESR model.

In terms of the SBM model, the desirable output is maize gross revenue per ha, and the inputs
consist of land, seed, fertilizer, labor, and others (including pesticides, agricultural film and
machinery). The undesirable output is composed of carbon emissions and nitrogen and phosphorus
losses.

EE, as the dependent variable for the ESR model, is evaluated based on the SBM model, ranges
from 0 to 1.

The treatment variable for the ESR model is DATES use. DATES use is regarded as maize
farmers acquire sustainable production technologies and information through WeChat public
accounts or smart phone apps. According to the question in the questionnaire, "Do you use WeChat
public accounts of DATES to access sustainable production technologies and information?" If the
answer is "yes", it equals 1, otherwise it equals 0.
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The instrumental variable (IV) in this paper is denoted as the communication signal strength of
the sample villages. Considering that the communication signal is the basis for daily communication,
each maize farmer may not access WeChat accounts or apps of DATES, but is more likely to access
the communication signal, and DATES use and communication signal strength are strongly related.
Thus, we believe that the strength of the communication signal influences each maize farmer's
decision to use DATES, but has no effect on EE. On a 5-point Likert scale (very poor, poor, average,
good, and outstanding, equal to 1, 2, 3, 4, and 5, respectively), a question was devised to measure
each maize farmer's satisfaction level of communication signal strength.

The control variables for the ESR model consist of two parts. The first part states maize farmers'
characteristics, such as gender, age, health status, years of education, whether they are village leaders,
whether they participate in off-farm work, and whether they participate in digital technology
training. The second part is the production characteristics, involving farm size, income from other
crops production, the number of laborers in maize production, degree of specialization and distance
from households to the nearest central market.

In this study, total carbon emissions of maize production process should include carbon
emissions caused by carbon sources such as fertilizers, pesticides, diesel fuel (including sowing and
harvesting), agricultural films, deep plow and irrigation. The calculation formula can be specified as

C:ZCi=Zni*yi (17)

where C denotes the quantity of carbon emissions, C; represents the emissions from different
carbon sources, n; denotes the usage amount of inputs and diesel fuel and the deep plowed area,
and y; is the emission coefficient of different carbon sources in agriculture; Table 1. presents the
agricultural carbon emission coefficient and reference sources.

follows:

Table 1. Agricultural carbon emission source, coefficient and reference sources.

Source Carbon emission coefficient References
Fertilizer 0.896 kg/ kg Oak Ridge National Laboratory
Pesticide 4934 kg /kg Oak Ridge National Laboratory
Diesel fuel 0.593 kg/ kg Intergovernmental Panel on Climate Change (IPCC)
Agricultural film 5.180 kg/ kg Instltute' of Resource,jicosyst?m and Env1'ronn‘1ent of
Agriculture, Nanjing Agricultural University
Deep plow 312,600 kg/ kme College of Biological Sélenc.es, China Agricultural
University
Irrigation 25 kg/ ha Dubey [57]

In this study, the total nitrogen and total phosphorus produced in the maize production process
should be calculated using formula (18):
E=m;*(p; +6;) (18)
where E is the total nitrogen and total phosphorus losses in the maize production process; m;
is the nitrogen and phosphorus used in maize production process, which mainly come from the
chemical fertilizer input in the production process, expressed in pure amount of chemical fertilizer;
and p; and §; are the nitrogen and phosphorus loss coefficients, as presented in Table 2. [58].

Table 2. Chemical fertilizer loss rate in study areas.

. Loss rate (%)
Region

Nitrogen fertilizer Phosphate fertilizer
Liaoning and Jilin 20 4
Heilongjiang 10 7

Table 3. presents the descriptive statistics of desirable output, inputs and undesirable outputs
for the SBM model. From the perspective of maize production, we select the cost of land, seed,
fertilizer, labor and others (including pesticides, agricultural film and machinery) as inputs and
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maize gross revenue as the desirable output. As shown in Table 3., compared to the DATES nonuser
group, desirable output and most inputs in the DATES user group are higher than DATES nonuser
group, except for seed.

Table 3. Descriptive statistics of inputs, desirable output and undesirable outputs.

Variable Total DATES users  DATES nonusers Difference
Desirable output (yuan/ha) 26025.579 27526.312 22874.039 4652.272%**
Land (yuan/ha) 1494.617 1550.556 1377.147 173.409*
Seed (yuan/ha) 753.073 669.033 84.040 753.073
Fertilizer (yuan/ha) 2460.384 2508.372 2358.552 149.821**
Labor (yuan/ha) 7658.409 7519.770 7952.627 -432.857**
Others (yuan/ha) 1197.574 1232.485 1124.271 108.214**
Total carbon emission (kg/ha) 1387.381 1467.790 1216.716 276.073**
Total nitrogen loss  (kg/ha) 170.3187 176.4504 157.302 19.1484
Total phosphorus loss (kg/ha) 34.3683 34.8462 33.3639 1.4823

Note: yuan is Chinese currency (1U=SD = 6.726 yuan in 2022).

Table 4. displays descriptive statistics for the ESR model variables. There are 882 DATES users
and 420 nonusers among the 1302 samples, indicating that 67.13% of maize farmers use the DATES
to obtain sustainable technologies and information about maize production (as shown in Fig 3.). The
comparison between DATES users and nonusers reveals obvious differences in several variables. For
instance, the education years in DATES users group are significantly higher than those in nonusers
group. Compared to DATES nonusers, DATES users are younger, more healthy, well educated, more
willing to be village leaders, have a larger farm size, earn more from other crops and have more
digital technology training. Notably, these significant differences between two groups suggest the
possibility of a self-selection issue in DATES use.

DATES nonusers [0 DATES users

Figure 3. DATES use of samples.
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Table 4. Descriptive statistics of variables for the ESR model.
Variables Definition Total DATES Users DATES Difference
nonusers
EE ranges from 0 to 1 0.671 0.702 0.608 0.094*
DATES use 1=yes,0=no 0.677 1.000 0.000 1.000%**
Communication sienal &7 bad, bad, average, good
© on sig and excellent equal to 1-5, 2.535 2.799 1.979 0.820***
strength }
respectively
Age age of respondents 48.479 46.786 52.036 -5.250%**
Gender 1 =male, 0 = female 0.749 0.820 0.600 0.220***
Health status 1=very poor, 2=poor, 3alr, 5 g5 4.051 3.665 0.386"**
4=better, 5=very good
Education years of education 11.044 11.772 9.514 2.258%**
Off-farm work 1=yes, 0=no 0.523 0.541 0.486 0.055
Village leader 1=yes, 0=no 0.157 0.197 0.071 0.126***
Farm size maize planted area (hectare) 0.730 0.860 0.519 0.3407%**
other crops gross revenue in
I f h . 34 .025 0.320**
ncome from other crops 2022 (ten thousand yuan /ha) 5.300 5.345 5
Labor number of laborers per 2.320 2.452 2213 0.239
household
i ti 11
Degree of specialization maize production area/a 0.515 0.515 0.513 0.002
arable area, %
Digital technology 1=yes, 0=no 0.468 0.476 0.451 0.025%
training
Distance from the household
Market distance to the nearest central market 9.949 10.035 9.830 0.205

(km)
Note: yuan is Chinese currency (1USD = 6.99 Yuan in 2022). ***, **, and * denote significance at the 1%, 5%, and
10% levels, respectively.

4.2. Eco-efficiency scores

Table 5. presents the EE scores of maize production. The average EE for 1302 maize farmers is
0.671, ranging from 0.397 to 1. There is a significant difference in EE between DATES users and
nonusers. The average EE of 881 people who use DATES is 0.702, while that of 421 nonusers is 0.608.
This shows that the average EE of maize production in DATES users group is about 15.46% higher
than that in DATES nonusers group.

Table 5. Descriptive summary of EE scores.

Standard

Group Mean Deviation Min Max
DATES users 0.702 0.187 0.481 1
DATES nonusers 0.608 0.189 0.397 0.9

All 0.671 0.192 0.397 1
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Eco-efficiency

6

~t 4 _ 1

DATES nonusers DATES users

Figure 4. The difference in EE of maize production between DATES users and nonusers.

4.3. Results of the ESR model

As shown in Table 6., 16.66 is a significant value at the 1% level for the LR test of independent
equations, which implies that the selection and outcome equations are unrelated. Meanwhile, In oy
and Ing, are both significant, implying that there is a self-selection problem [56,59]. Therefore, it is
appropriate to adopt the ESR model.

4.3.1. Determinants of DATES use

The estimated coefficient of the IV (communication signal strength) is significant at 1% level,
and it met our expectation. This indicates that the stronger the communication signal, the more likely
that maize farmers are to obtain sustainable technology and information through DATES. The Cragg-
Donald Wald F statistic was 70.97, indicating that the null hypothesis of weak instrumental variables
was rejected. Therefore, IV is valid (Table 6.).

Table 6. also demonstrates that a number of variables have the significant impact on whether a
maize farmer uses DATES or not. The estimated coefficient of the age of the maize farmer is
significantly negative, implying that it’s less likely for older maize farmers to use DATES. This result
is in line with existing research [52,56,60]. The coefficient of gender of maize farmers is statistically
significantly positive, implying that male maize farmers are more likely to obtain sustainable
technology and information through DATES use. The better a maize farmer's health status, the more
energy and capacity he or she has to learn how to use the DATES, and then to obtain sustainable
production information [61]. The more years of education the maize farmers have, the stronger the
ability to acquire information and learn and the more they are inclined to use the DATES to access
sustainable production technology and information, which is consistent with the finding of existing
study [50]. Maize farmers with off-farm employment may be more likely to use DATES because they
may have broader horizons and be more likely to investigate new sustainable technologies and
information. There is a significant and positive correlation between DATES use and farm size.
Compared with farmers with small farm size, farmers with larger farm size pay more attention to the
long-term economic benefits of agricultural production, so they have a greater incentive to enhance
sustainability of agricultural production by using DATES to obtain timely and useful technologies
and information. Thus, larger-scale maize farmers are much more probably to use DATES, which is
inconsistent with the conclusion of existing study [62]. Furthermore, income from other crops has a
negative impact on use of DATES, indicating that the higher the income from other crops, the more
dependent maize farmers are on the current production methods and the lower their willingness to
choose to use DATES to change their production models.
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Table 6. Estimation results of the ESR model.
ESR
Variable Selection equation Outcome equations (EE)
DATES users DATES nonusers
Age -0.003%*** -0.0027%** -0.003**
(0.004) (0.001) (0.001)
Gender 0.613*** 0.079*** 0.011
(0.094) (0.017) (0.022)
0.156*** -0.076 -0.079
Health status (-0.058) (0.076) (0.184)
Education 0.0417%** -0.001 0.002
(0.015) (0.002) (0.004)
0.248*** -0.011 0.030
Off-farm work (0.081) (0.012) (0.019)
. 0.319** 0.068*** -0.053
Village leader (0.130) (0.017) (0.035)
Farm size 0.167** -0.025%** -0.029%**
(0.042) (-0.005) (0.010)
Income from other crops -0.695™ 02527 0.194™
(0.298) (0.043) (0.077)
Labor -0.049 -0.016*** -0.012
(0.042) (0.006) (0.010)
Specialization degree 0.127 “0.015 0108
p & (0.134) (0.020) (0.031)
. -0.078 -0.023%** 0.007
Market distance (0.054) (0.008) (0.011)
Digital technology training 0.070 -0.031™ -0.058™
(0.083) (0.013) (0.018)
Communication signal strength 0355
(0.039)
Constant -0.652* 0.995*** 0.767***
(0.372) (0.057) (0.092)
Ino, -1.712%%*
(0.031)
Ino, -1.748%**
(0.050)
-0.505%**
P (0.107)
-0.253
Po (0.250)
Durbin-Wu-Hausman 30.009***
Cragg-Donald Wald F Statistic 70.965
Stock-Yogo critical values under 10% bias 16.380
LR test of mfiependent 16,660
equations

Note: Figures in parentheses are standard error, ***, **, * indicate significant at the 1%, 5%, and 10% levels,

respectively.

4.3.2. Determinants of EE

Table 6. provides the coefficients for outcome equations. In general, the coefficients of the
independent variables for DATES users and DATES nonusers have quite different statistical
significance, which shows that these observable factors account for various impacts of EE on maize
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production between the two groups. At the 1% and 5% level, the coefficient of age for DATES users
and nonusers are both significant and negative. It illustrates that EE of maize production decreases
by 0.002 and 0.003 for every ten-year increase in age, assuming all other variables remain constant.
The significant and positive gender coefficient for DATES users indicates that the EE of male maize
farmers is 0.079, which is significantly higher than that of female maize farmers. For DATES users,
the village leader coefficient is statistically significant and positive, indicating that the EE of village
leaders who use DATES is 0.068 higher than that of normal maize farmers who use DATES (Table 7).
This result is primarily attributable to the responsibility of village leaders for transferring
technologies and information from the local government and relevant departments to farmers,
enhancing village leaders’” DATES use experience, leading to an increased likelihood of obtaining
sustainable information about superior technology and high-quality inputs.

There is a negative correlation between farm size and the EE for DATES users and nonusers.
Keeping other variables constant, the findings indicate the maize farmers with a larger farm size
would decrease EE among maize farmers by 0.025 and 0.029. Basically, maize production in China is
usually labor-intensive and land-intensive. Therefore, the large scale of farm has become a challenge
for maize farmers to make precise management, which may impede the improvement of EE [63,64].

Income from other crops and EE among DATES users is positively correlated. Maize farmers
with higher income from other crops, are more able to invest sustainable technologies and inputs into
maize production to improve EE. Number of labors in maize production has a significantly negative
impact on EE for DATES users, it illustrates the greater the number of laborers engaged in maize
production, the greater the barriers to adopting sustainable technologies and inputs, making it
difficult to increase EE, but there is no such evidence among DATES nonusers. Moreover, for DATES
nonusers, the significant and negative coefficients of specialization degree implies that the larger the
proportion of maize production area maize farmers manage, the lower EE they have because maize
farmers cannot understand sustainable technology and information in a timely manner without the
help of the DATES, which limits EE improvement. The coefficient of market distance is negative and
significant at the 1 % level, indicating the long distance between maize farmers and the market will
impede the diffusion of sustainable technologies and information, and hinder the improvement of
EE. Notably, digital technology training has a significantly negative impact on EE for both two groups,
implying that current technical training is mainly aimed at e-commerce, socialization, etc., and does
not meet the sustainable development needs of agricultural production, crowding out farmers' time
to use the DATES to learn sustainable production technologies and information, which negatively
affects EE.

4.3.3. Average treatment effects

Table 7. reports the predicted EE in the actual and counterfactual contexts, as well as the
treatment effects of DATES use by DATES users and nonusers. The ATT and ATU are unbiased result
after addressing self-selection problem.

Table 7. Average treatment effects of DATES use on EE.

Group Use No use ATT ATU
DATES users 0.701 0.553 0.148%** —
DATES nonusers 0.822 0.608 — 0.214%**
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Figure 5. Probability density of EE for two regimes.

The value of ATT and ATU show that DATES use can improve EE of maize production for both
groups (Table 7.). Specifically, EE of maize production would reduce by 0.148 (21.11%) for DATES
users if they had not used DATES to obtain sustainable technology and information about
production. EE would increase by 0.214 (35.20%) for DATES nonusers if they had used DATES.
According to the average difference in EE between DATES users and nonusers (approximately 0.093),
ATT indicates that ignoring self-selection bias would significantly underestimate the effect of DATES
use on EE (Fig 5.).

4.4. Robustness check

The robustness test is conducted in treatment effects model (TEM) and ordinary linear squares
(OLS) regression to ensure the accuracy of the analytical findings. The results of the OLS show an
underestimation of the impact of the DATES use due to the neglect of self-selection issues, but the
DATES use has a positive and significant effect on the EE of maize production, which leads to. TEM
was first proposed by Maddala [65]. TEM results support the reliability of the existing result shown
in Table 6.. Notably, the estimated coefficients for DATES use in the outcome equation are significant
and positive, indicating that DATES use does increase EE. For the sake of simplicity, no more
information about the TEM and OLS is provided in this study. Therefore, hypothesis H1 is verified.

Table 8. Robustness check based on the ESR, TEM and OLS.

Items ESR TEM OLS
0.188*** 0.076***
ffici f DATE —
Coefficient o S use (0.026) (0.011)
0.148%**
ATT — —
(0.004)
0.214***
AT — —
u (0.005)
Control variables Yes Yes Yes

Note: ***, **, * indicate significant at the 1%, 5%, and 10% levels, respectively.
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4.5. Heterogeneous analysis
Table 9. Heterogeneous impact of DATES use on EE.
Items EE
15th 30th 50th 60th 75th
0.097*** 0.098*** 0.079*** 0.073*** 0.033
DATES
Hsers (0.005) (0.005) (0.011) (0.019) (0.028)
Control variables Yes Yes Yes Yes Yes
Pseudo R2 0.193 0.141 0.083 0.115 0.156
Note: Figures in parentheses are standard errors. ***, **, and * denote significance at the 1%, 5%, and 10% levels,
respectively.
2
=
=
o
2
=
w4
E S
]
o
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e
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c| T T T T T
15 3 5 .6 75
Quantile

Figure 6. Variation of coefficients with different quantiles.

The QR model's findings illustrate the impact of DATES use on EE varies significantly across
different quantiles. If we only examine the homogenous or mean-based effects of DATES use on EE
of maize production, we cannot observe the results of this heterogeneity. Table 9. shows a positive
and statistically significant correlation between DATES use and EE of maize production for the 15th,
30th, 50th, and 60th quantiles. Notably, DATES use had the greatest effect on EE at lower quantiles,
denoting that DATES use is more beneficial to maize farmers with lower EE than to those with higher
EE. It is more clearly presented in Fig 6. Therefore, hypothesis H2 is verified.

4.6. Mechanism analysis

The results of the mediation effects model are shown in Table 10.

According to the second column of Table 10, the estimated coefficient of DATES use is significant
at 1% level, which means that DATES use significantly increases the EE of maize production. In the
third column, the estimated coefficient of DATES use is significantly positive, implying that DATES
use significantly increases the likelihood of maize farmers adopting organic fertilizer. From the
results of column 6, it can be seen that after adding the mediator variables, DATES use and
application of organic fertilizer are both significantly positively correlated with EE, which means that
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application of organic fertilizer plays a part of the mediator effect in the effect of DATES use on
sustainable maize production, which accounts for 17.10% of the total effect, in other words, 17.10%
of the improving effect of the DATES use on EE of maize production is achieved through the
application of organic fertilizer. In order to further test the robustness of the results of the mediation
effect model, the bootstrap method was used to test the mediation effect of organic fertilizer
application between DATES use and EE of maize production. In order to further test the robustness
of the results of the mediation effect model, the bootstrap method was used to test the mediation
effect of organic fertilizer application between DATES use and EE of maize production. The results
showed that the direct effect was 0.077 and the indirect effect was 0.016, which were both significant
at the 1% statistical level; the confidence interval of the indirect effect was not including 0, which
indicated that the application of organic fertilizer played a mediating role in the influence of DATES
use on the EE of maize production.

As can be seen from the results in column 4, the estimated coefficient of DATES use is
significantly positive, implying that DATES use significantly increases the likelihood of using green
pesticides by maize farmers. From the results in column 6, it can be seen that after adding the
mediator variables, DATES use and the use of green pesticides are both significantly positively
correlated with the EE of maize farmers' production, indicating that the use of green pesticides plays
a part of the mediator effect in the impact of DATES use on the EE of production, which accounted
for 13.63% of the total effect, in other words, 13.63% of the effect of the use of the DATES in enhancing
the EE of maize farmers' production is realized through the use of green pesticides. is realized
through the use of green pesticides. In order to further test the robustness of the results of the
mediation effect model, the bootstrap method was utilized to test the mediation effect of the use of
green pesticides in the relationship between DATES use and the EE of maize production. The results
showed that the direct effect was 0.081 and the indirect effect was 0.013, both of which were
significant at the 1% statistical level; the confidence interval of the indirect effect was not including 0,
indicating that the use of green pesticides plays a mediating role in the impact of DATES use on the
EE of maize production, and the hypothesis H4 was verified.

Similarly, from the results in column 5, the estimated coefficient of DATES use is significantly
positive, implying that DATES use significantly increases the likelihood that maize farmers will use
biodegradable agricultural films. From the results in column 6, it can be seen that after adding the
mediator variables, both DATES use and the use of biodegradable films are significantly positively
correlated with the EE of maize farmers' production, indicating that the use of biodegradable films
plays a part of the mediating effect in the impact of DATES use on the EE of production, which
accounts for 11.16% of the total effect, i.e., 11.16% of the effect of the DATES use on improving the EE
of maize farmers' production is through the use of biodegradable films. 11.10% of the total effect, that
is, 11.10% of the effect of DATES use to improve the EE of maize farmers' production is realized
through the use of biodegradable agricultural film. In order to further test the robustness of the results
of the mediated effect model, Bootstrap method was utilized to test the mediated effect of using
biodegradable agricultural film between DATES use and EE of maize production. The results showed
that the direct effect was 0.083 and the indirect effect was 0.010, which were significant at the
statistical levels of 1%, respectively; the confidence interval of the indirect effect was not including 0,
which indicated that the use of biodegradable agricultural film played a mediating role in the
influence of DATES use on the EE of maize production. Therefore, hypothesis H3 is verified.

Table 10. Estimation of mediation effect model.

. . . Adoption of
Variable EE Adoptlon. o.f organic AdOpthl‘.l (.)f green . degradable EE
fertilizer pesticide . .
agricultural films
0.0947** 0.177%** 0.188*** 0.180***
DATES
e (0.011) (0.029) (0.029) (0.029)
Adoption of organic 0.094***

fertilizer (0.010>
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i ici 0.068***
Adoption of green pesticide (0.010)
Adoption of biodegradable 0.058***
agricultural films (0.01D)
Control variables Yes Yes Yes Yes Yes
Number of observations 1302 1302 1302 1302 1302

5. Conclusions and Policy implications

This paper reveals the average and heterogeneous impacts of DATES use on the EE of maize
production and its potential mechanism using 1302 survey data in Northeast China main maize
producing area. The main conclusions are as follows: first, the average EE of maize production is 0.67,
and the loss of EE reaches 0.33, indicating that there is still huge room for sustainable maize
production. Second, DATES nonusers would improve EE of maize production by 35.20% if they had
used it, indicating that DATES use can improve sustainable maize production. The decision to use
the DATES is significantly affected by age, gender, health status, education, off-farm work, whether
to be a village leader, farm size, income from other crops and communication signal strength, while
the EE of maize production is significantly affected by age, gender, whether to be a village leader,
farm size, income form other crops, number of labors, degree of specialization, market distance and
digital technology training. Third, DATES use is more helpful to maize farmers with lower EE than
to those with higher EE, implying that the effect of DATES use gradually slows down as EE increased.
Fourth, the application of organic fertilizer, green pesticides and biodegradable agricultural film are
significantly positively correlated with the DATES use, indicating that the DATES use can promote
the use of green inputs. At the same time, the DATES use can contribute to sustainable maize
production through the application of organic fertilizers, green pesticides and biodegradable
agricultural film.

Above all, the relevant policy implications can be proposed. First, the government should join
hands with universities, colleges and research institutes to popularize the concept of sustainable food
production through a combination of online and offline methods, and encourage farmers to adopt
sustainable production technologies and sustainable inputs. Secondly, the governments should
continue to expand investment in information and communication technology infrastructure in rural
areas to empower sustainable food production. And relevant departments should utilize all kinds of
public accounts, agricultural extension apps and website to accelerate the flow of information on
sustainable food production and accelerate the accumulation of human capital. Thirdly, the
government should implement a categorized promotion strategy based on the actual situation of
different production entities. Paying more attention to farmers with low EE, and providing targeted
digital technology training to achieve sustainable food production. Finally, Using the publicity of
DATES to encourage farmers to use sustainable inputs, as well as to provide technical guidance and
training lessons to accelerate the transition to sustainable food production.
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