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ARTICLE INFO ABSTRACT

Handling editor; Zhifu Mi Encouraging more farmers to adopt eco-friendly fertilization technology is essential for achieving sustainable
grain production. To systematically explore the factors influencing farmers’ adoption of such technology, based
on a logistic regression model and three mutually complementary spatial analysis models, our study proposes a
spatial-econometric analytical framework. Using data from household surveys, farmland quality investigations,
remote-sensing images, and a digital elevation model, we test our study framework in 30 neighboring villages in
Taojiang County, China. The results indicate that major socioeconomic influential factors include the age and
education level of the household head, farm size, and degree of farmland fragmentation; geographic influential
factors involve landform characteristics, drainage capacity, irrigation capacity, and topsoil thickness. In addition,
the type of technology promoter and the farmer’s perceived usefulness of the technology play important roles
affecting farmers’ technology adoption willingness. To increase the probability of technology adoption, more
energy should be spent on relatively younger and better-educated farmers and farmers who occupy a larger
cultivation area. Non-adopter-dominated areas should also be targeted during the technology promotion process.
Further, local policymakers should consider strong measures that encourage adopters to become active tech-
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nology promoters.

1. Introduction

As a country with almost 20% of the world’s population but less than
7% of its total arable land, national food security has always been seen as
fundamental to maintaining China’s social stability. Even under the
pressure created by rapid population growth, the per capita share of
grain has dramatically increased in China, from 298 kg to 445 kg, over
the past four decades, benefiting from the continuous growth in total
grain output (National Bureau of Statistics of China, 2019). Concur-
rently, due to the rapid development of the social economy and accel-
erated urbanization and industrialization, both the quantity and quality
of farmland in China have been declining (Song and Liu, 2017); thus, the
growth of total grain output has been dependent entirely on the increase
in grain yield per unit area. Unfortunately, the most important driver
behind this increase has been the overuse of agricultural chemicals (Wu

et al., 2018) and the extensive use of machinery (Qi et al., 2021), which
have resulted in serious damage to the farm environment as well as to
the upstream and downstream agricultural sectors (Vitousek et al.,
2009).

With the continuous deterioration of the agricultural environment,
researchers and policymakers alike have realized that the grain pro-
duction patterns that sacrifice environmental quality for food security
are unsustainable. To reduce the environmental costs of grain produc-
tion, scholars have proposed a number of remarkable eco-friendly
fertilization technologies (EFFTs) and associated management technol-
ogies (Chen et al., 2014a), such as improved nutrient and water man-
agement technologies (Mueller et al., 2012), integrated soil-crop system
management technologies (Chen et al., 2011), and advanced crop and
nutrient management technologies (Chen et al., 2014b). These tech-
nologies have made significant contributions to address the twin

* Corresponding author. Business school, Shandong Normal University, No. 1 Daxue Rd, Changqing district, Jinan, 250358, China.

E-mail address: yuanwenhua220@163.com (W. Yuan).

https://doi.org/10.1016/j.jclepro.2021.127536

Received 20 February 2020; Received in revised form 21 March 2021; Accepted 13 May 2021

Available online 17 May 2021
0959-6526,/© 2021 Elsevier Ltd. All rights reserved.


mailto:yuanwenhua220@163.com
www.sciencedirect.com/science/journal/09596526
https://www.elsevier.com/locate/jclepro
https://doi.org/10.1016/j.jclepro.2021.127536
https://doi.org/10.1016/j.jclepro.2021.127536
https://doi.org/10.1016/j.jclepro.2021.127536
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jclepro.2021.127536&domain=pdf

X. Qietal

challenges of food security and environmental sustainability in China. In
tandem, the Chinese government has developed a series of policy mea-
sures aimed at promoting the spread of these technologies such as the
“National action plan on popularization of testing soil for formulated
fertilization technology” (Ministry of Agriculture of China, 2012), “Zero
growth program of fertilizer and pesticide usage by 2020 (Ministry of
Agriculture of China, 2015), and “Action plan for tackling agricultural
and rural pollution” (Ministry of Ecological and Environment of China,
2018). Local governments have also designed various types of subsidies
for eco-friendly fertilizers and pesticides (Zheng et al., 2019).

Although researchers and policymakers have spent considerable
effort to encourage rural households to adopt EFFTs in grain production,
the proportion of farmers willing to adopt them is not promising (Luo
et al., 2013). Previous studies have shown that, even though a lot of
farmers have heard of EFFTs, the proportion of farmers who have
adopted them in many major grain producing areas of China is less than
one-third (Ma et al., 2014; Wang et al., 2018). Therefore, understanding
the factors that influence farmers’ adoption of EFFTs would help in the
development of specific policy measures to affect their decision-making
behavior.

To date, although there have been numerous studies on the factors
influencing farmer decision-making behavior, only a few have focused
on the factors influencing farmer adoption of EFFTs. The results in these
studies indicate that there are four main types of factors that may affect
farmers’ adoption of EFFTs: characteristics of the household head (Ma
et al., 2014), family characteristics (Luo et al., 2013), farmland char-
acteristics (Han and Yang, 2011), and technology characteristics (Wang
et al., 2018). Specifically, age and education level have been widely
regarded as the key influencing factors in previous studies. The older
farmers are, the more reluctant they are to adopt eco-friendly technol-
ogies. This may be due to the slow and inefficient acceptance of new
knowledge and technologies by older farmers, which hinders their
adoption of EFFTs (Lei, 2020). In terms of education level, farmers with
better education are more likely to understand the importance of green
development and realize the long-term economic benefits of eco-friendly
behaviors, so they are more proactive in adopting EFFTs (Lei, 2020).
Besides, off-farm income, labor force, and farm size have also been
regarded as the influencing factors (Qu and Zhao, 2020).

Despite the significant contributions of extant studies, they are still
two obvious gaps in the literature. First, the existing studies have been
conducted only from the perspective of conventional econometric
analysis. Therefore, although land resource endowments—which have
significant spatial diversity—could influence the farmers’ agricultural
production decisions (Qi and Dang, 2018), few studies have taken these
into consideration. Second, differences in the individuals who act as
technology promoters could affect the farmers’ willingness to change
their behavior (Zhang et al., 2017), however, few studies have consid-
ered this either. These limitations not only constrain the systematic
analysis of the factors influencing farmers’ adoption of EFFTs in grain
production, but also prevent policymakers from developing robust pol-
icy instruments to influence farmers’ decisions.

To bridge these gaps, based on an integrated spatial-econometric
analysis, our study answers the following questions: (1) What are the
main factors influencing farmers’ adoption of EFFT? (2) Does the spatial
distribution of farmers making different adoption decisions reflect
certain patterns? (3) How can policy instruments be developed to in-
crease the probability of farmer adoption of EFFT? Although there are
many EFFTs involved in grain production, testing the soil for formulated
fertilization technology (TSFFT) has been the most vigorously promoted
EFFT by the Chinese government department in the past decade (Li
et al., 2015). Therefore, we focus on this technology to explore the
factors that influence the adoption behavior of farmers.
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2. Analytical framework and methods
2.1. Analytical framework

As a land-dependent production activity, farmers’ decisions on grain
production depend not only on their own socioeconomic characteristics,
but also on their farmland resources and spatial locations. Moreover, in
general, farmers use the technologies they are familiar with for grain
production. However, when a new technology appears, awareness of it
will influence farmers’ adoption decisions. To systematically explore the
factors influencing farmers’ adoption of EFFTs in grain production, we
built the following analytical framework, illustrated in Fig. 1.

Overall, there are four types of factors that may influence farmers’
adoption decisions: socioeconomic characteristics of the household, the
technology’s promotion and perception, farmland resource endow-
ments, and the spatial location of the households. Among them, the
socioeconomic characteristics of the household are factors that have
received the most attention in recent studies (Zhang et al., 2018).
Technology promotion and its perception capture farmer perception of
the technology and how to access it (Qin et al., 2016). Farmland
resource endowments, including geologic, physical, and chemical
characteristics of the farmland, constrain farmers’ choice on technology
usage (Burnham and Ma, 2016). The spatial location of the household
relates closely to the accessibility of technology information, which
could affect the farmers’ choices (Staal et al., 2002).

Based on the framework, we apply an integrated spatial-econometric
analysis to explore the factors influencing farmers’ adoption of TSFFT.
Specifically, we develop a binary logistic regression model for our
econometric analysis of the influence of socioeconomic characteristics of
the household and technology promotion and perception; and we use
three spatial analysis models to detect the influence of farmland
resource endowments and the spatial location of the household.

2.2. Development of the logistic model

Most technology choices that farmers consider in their decision
making are between “adopt or not adopt” (Mariano et al., 2012). In our
study, farmers are asked whether they have adopted TSFFT, which is,
thus, a binary variable. Overall, the logistic model is a binary discrete
selection model whose logical distribution is the probability distribution
of random error terms; it is the ideal and widely used model for
analyzing individual decision-making behavior (Liu and Liu, 2016).
Therefore, we develop a binary logistic regression model to conduct
econometric analysis of the factors influencing farmers’ adoption of
TSFFT.

In this model, farmers’ decisions are set as the dependent variables,
with adoption defined as Y = 1 and non-adoption as Y = 0. Then, the
binary logistic regression model is constructed as follows:

ePotPrxitpaxat..Afyxn+e)

@

P(Y - 1) - 1 + eWothin+prxat...+fyxnte)
where P(Y = 1) is the probability of adopting TSFFT, fj is a fixed
intercept, x1, Xo, ..., X, are the independent variables representing
various factors that influence the farmers’ adoption decisions on TSFFT,
B1, P2, ---, Pn are the coefficients of each independent variable, and ¢ is
the error term.

The logistic transformation of P(Y = 1) is as follows:

1 {%} =py+pxi+pxa+ ... +px,+¢€ )

where P(Y = 1)/[1-P(Y = 1)] denotes the odds that farmers would adopt
TSFFT, that is, the ratio of the probability that Y = 1 to the probability
that Y = 0.

Based on the econometric studies of factors influencing farmers’
decision-making behavior (Greiner, 2015; Raza et al., 2019), this study
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Fig. 1. Framework analyzing the factors influencing farmer adoption of eco-friendly fertilization technology in grain production.

selects the characteristics of the household head, family economic sta-
tus, farming conditions, and technology promotion and perception as
the main variable types for exploring farmers’ adoption decisions.
Among them, the characteristics of the household head, which usually
cover gender, age, and education level, affect households’ preferences
(Lu et al., 2018). Family economic status covers mainly income level,
primary source of income, and agricultural labor force, which may
constrain farmers’ choices in terms of livelihood strategy (Xie and Jin,
2019). Farming conditions are a fundamental variable that directly re-
flects whether a farmer’s agrarian asset is easy to use for a particular
purpose (Xie et al., 2017). Technology promotion and perception cap-
ture the different possible technology promoters along with the farmers’
perceptions of the technology, which are combined to affect farmers’
adoption rate (Franzel et al., 2011). The definitions of variables are
given in Table 1.

Table 1
Definition of econometric variables used in the technology adoption model.
Variables Definition Expected
direction
Characteristics of the household head
Gender Male = 1; female = 2 ?
Age The actual age of the household head -

Education level
Family economic status

The farmer’s years of formal education +

Income level Very low = 1; low = 2; moderate = 3; ?
high = 4; very high =5

Primary source of Off-farm = 1; on-farm = 2 +
income

Agricultural labor The number of people engaged in +
force agricultural production

Farming conditions

Farm size Total area of farmland +

Degree of farmland Number of plots -
fragmentation

Use of machinery No=1;Yes=2 ?
Technology promotion and perception
Type of technology Formal promoter = 1 (e.g., government,  ?
promoter agency, enterprise);
Informal promoter = 2 (e.g., relative,
acquaintance, friend)

Perceived usability of Very difficult = 1; difficult = 2; normal +

technology = 3; simple = 4; very simple =5
Perceived usefulness of ~ Very useless = 1; useless = 2; normal = +
technology 3; useful = 4; very useful =5

2.3. Development of spatial analysis models

Although farmers’ socioeconomic characteristics and technology
perceptions are key factors that could affect their adoption decisions, the
influence of geographic factors may also play an important role because
grain production is a land-dependent activity. To explore the spatial
distribution pattern of farmers making different adoption decisions and
related geographic factors that may influence their decisions, we
introduce three mutually complementary models—kernel density esti-
mation, Global Moran’s I, and the geographical detector—for spatial
analysis. Their details are as follows:

Kernel density estimation is a non-parametric way to estimate the
probability density function of a random variable (Sheather, 2004).
Through this method, we can estimate the adoption probability of a
technology by farmers at different locations in the study area. Let (x1, X2,
..., Xp) represent a sample of the adopters; its underlying probability
density can be estimated by the following kernel density function:

o= 3o 5(5) ®

where n is the sample size, h is a smoothing parameter called the
bandwidth, (x-x;) is the distance between an estimation point (x) and a
sample point (x;), and K(e) is a kernel function.

Global Moran’s I is widely used to test for the presence of spatial
dependence in observations (Li et al., 2010). We employ it to analyze the
spatial distribution characteristics (i.e., dispersed, random, or clustered)
of farmers who make different adoption decisions. Global Moran’s I is
defined as:

_ ny i Yo wi(x — %) (% — %)

Y S n 2
oD Wi iy (X — %)

4

where n is the total number of interviewed farmers, x;/x; is the attribute
value (1 represents an adopter and 0, a non-adopter) of the ith/jth
farmer, X is the mean value, and wj; is the space weight matrix. In this
study, first, we generate a farmers’ Voronoi diagram based on their
spatial positions, and then, second, we use the rook contiguity to define
wyj (Zhao et al., 2017), namely, w; = 1 indicates that the ith farmer is
adjacent to the jth farmer and w; = 0 indicates the opposite situation.

The geographical detector is a method of detecting spatial variability
(Wang and Xu, 2017). It can be used to detect the degree to which an
indicator (X) explains the spatial variability of farmers making different
adoption decisions (Y). The calculation formula is as follows:
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where n is the total number of samples in the entire region, m is the
number of sub-regions, ny,; is the number of sub-regional samples, 62 and
o7 are, respectively, the variance of Y of the entire region and the sub-
region h, and g is the detection result with a value range between
0 and 1—the higher the g value, the stronger the influence of X on Y.
Previous studies have shown that farmland resource endowment is a
core geographic element that affects grain production; it includes site
condition, soil physical properties, soil chemical properties, and obstacle
factors (Li et al., 2016). Based on the four elements, we select a corre-
sponding eight indicators to conduct geographical detector analysis
(Table 2).

3. Study area and data sources
3.1. Study area

Thirty neighboring villages, located in the east of Taojiang County,
were selected as the case study area (Fig. 2). These villages occupy an
area of approximately 134.4 km?, and the average distance from the
nearest urban settlement is about 10.2 km.

Taojiang County has a humid subtropical monsoon climate, with an
average annual rainfall of 1435 mm, a mean annual temperature of
16.7 °C, and an annual sunshine duration of 1580 h (Qi and Dang,
2018). The climate conditions are suitable for double cropping and this
county has a long history as an important commodity grain base in
China. Over the past couple of decades, to improve grain yield to ensure
food security, chemical fertilizers have significantly increased in usage
in Taojiang County (Investigation team of rural economy, 2016). The
overuse of chemicals has caused serious environmental pollution (Qi
etal., 2018). To avoid the further deterioration of soil and water quality,
the local agricultural department began to promote TSFFT actively in
grain production as of 2011.

3.2. Data sources

The data used in this study were collected from ASTER GDEM V2 and
Google Earth images, household surveys, and farmland quality in-
vestigations. To clarify the topographical features and main grain
growing areas of Taojiang County, we combined ASTER GDEM V2 and
Google Earth images to carry out a three-dimensional visualization
analysis using ArcGlobe. Subsequently, to take into consideration the
suggestions of local officials in the agriculture sector, 30 representative
villages were selected (Fig. 2).

We conducted a series of household surveys in these villages in 2018.
First, we interviewed the village officials to understand the profile of
local farmland resource endowments and grain production status. Then,
10 to 14 farm households who were engaged in grain production and
were aware of TSFFT were randomly interviewed in each village.
Finally, we collected a total of 312 valid responses, which covered a
wide range of information such as farmers’ perceptions and adoption
decisions on TSFFT, characteristics of the household head, family

Table 2
Indicators for geographical detector analysis.

Geographic elements Indicators

Landform characteristics
Soil texture

Topsoil thickness
Organic matter
Available phosphorus
Available potassium
Drainage capacity
Irrigation capacity

Site conditions
Soil physical properties

Soil chemical properties

Obstacle factors

Journal of Cleaner Production 310 (2021) 127536

economic status, farming conditions, and spatial locations.

The data on farmland resource endowments, including site condi-
tion, soil physical properties, soil chemical properties, and obstacle
factors, were collected from a series of farmland quality investigations.
These investigations were conducted by the agriculture bureau of Tao-
jiang County in 2016.

4. Results and discussion

4.1. Influence of socioeconomic characteristics and technology promotion
and perception

In general, among the 312 farm households who had heard of TSFFT,
only about 25% had adopted it. The descriptive statistical results of the
variables are shown in Table 3. Overall, males accounted for 62.8% of
the total heads of households managing the grain production practices in
Taojiang County. More than 66% of the farmers involved in grain pro-
duction were 50-70 years old, had a junior high school education or
below, with a farm size between 2 and 6 mu,’ and their primary source
of income coming from off-farm employment. It is worth noting that
over 57% of the farmers received information on TSFFT from informal
promoters such as relatives, acquaintances, and friends, rather than
from formal promoters such as governments, relevant agencies, and
enterprises.

The logistic regression results of the technology adoption model are
summarized in Table 4. The chi-squared test statistic is significant at the
1% level, which indicates the joint significance of the variables. The
power of prediction of this logistic model was 0.766, implying that it
accurately predicted 76.6% of the observations. Among the four types of
variables, characteristics of the household head, farming conditions, and
technology promotion and perception had significant impacts on
farmers’ adoption of TSFFT.

As for the impact of the characteristics of the household head, the
older the household head, the less likely he/she would be to adopt
TSFFT. However, household heads who had a better education were
more likely to adopt TSFFT. One reason may be that younger farmers are
more receptive to new technologies and better-educated farmers have a
better ability to access and understand relevant technology information.

With respect to farming conditions, a larger farm size was associated
with an increase in probability of technology adoption, while a more
fragmented farmland reduced probability. One plausible explanation for
the former is that although there is no institutional discrimination
against small farmers in the promotion of TSFFT, spending more energy
on large farmers is obviously more in line with the government’s plan
and the interests of these enterprises. As for the latter, due to differences
in topography and soil physical-chemical properties in different areas:
the more fragmented the farmland, the more time farmers had to spend
learning about TSFFT. Since most farmers’ primary source of income
comes from off-farm employment, spending too much time learning
TSFFT is clearly counter to their economic interests.

Regarding the influence of technology promotion and perception,
both the type of technology promoter and farmer’s perceived usefulness
of TSFFT had significant impacts on adoption choice. From the
perspective of technology promotion, informal promoters (i.e., farmers’
relatives, acquaintances, and friends) held more sway than formal pro-
moters (i.e., governments, agencies, and enterprises); this may indicate
that farmers are more likely to trust informal promoters than formal
promoters when deciding whether to adopt a new technology. In terms
of farmers’ perceptions of TSFFT, perceived usefulness was more
important than perceived usability; this implies that there is some room
for improvement in terms of improving the awareness of the impact of
technical effectiveness among farmers.

1 “mu” is a common unit of area used in China (1 ha = 15 mu).
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Fig. 2. Location of the study area and spatial distribution of interviewed households.

Table 3
Descriptive statistics of variables used in technology adoption model.

Variables Mean S.t.d Variance ~ Min Max

Characteristics of the household head

Gender 1.37 0.48 0.23 1.00 2.00

Age 54.14 11.28 127.32 24.00 84.00

Education level 7.26 2.83 8.03 0.00 16.00

Family economic status

Income level 3.10 1.37 1.87 1.00 5.00

Primary source of income 1.32 0.47 0.22 1.00 2.00

Agricultural labor force 2.05 1.05 1.10 1.00 7.00

Farming conditions

Farm size 8.90 23.61 557.43 0.50 300.00

Degree of farmland 6.47 3.69 13.59 0.00 24.00
fragmentation

Use of machinery 1.71 0.45 0.21 1.00 2.00

Technology promotion and perception

Type of technology promoter 1.57 0.50 0.25 1.00 2.00

Perceived usability of 2.93 1.34 1.78 1.00 5.00
technology

Perceived usefulness of 3.26 1.45 2.11 1.00 5.00
technology

4.2. Impact of household spatial location and farmland resource
endowments

Using the kernel density estimation method shown in Eq. (3), we
estimated the probability of the adoption of TSFFT by farmers at
different locations in the study area (Fig. 3a). Overall, farmers located in
the central and northern villages were more likely to adopt TSFFT. These
villages are relatively close to the urban settlement north of the study
area. Moreover, the standard deviational ellipses of adopters and non-
adopters indicate that the spatial distribution of both is directional.

According to farmers’ spatial positions, the Voronoi diagram was
generated using Geoda 1.2.0 (Fig. 3b). Then, the value of Global Moran’s
I was calculated using Eq. (4), which was found to be 0.1818 (z-score =
6.6710, P < 0.01). This indicates that the spatial distribution of the
adopters reflected clustering characteristics, and the probability of the
random generation of this clustering pattern was less than 1%.

After clarifying the spatial distribution characteristics of farmers
with different adoption decisions, the geographical detector method was
used to explore the factors that led to spatial variabilities as well as the
influence degree of each factor. First, based on the previously selected
indicators for the geographical detector analysis (Table 2), maps of the
indicators were generated as shown in Fig. 4. Second, the influence of

Table 4
Logistic regression results of the technology adoption model.
Variables Coefficient  Std. Wald Sig. Exp
Error (B)

Characteristics of the household head

Gender —0.268 0.318 0.710 0.399 0.765

Age —0.048%** 0.015 10.585 0.001 0.953

Education level 0.130%* 0.053 5.885 0.015 1.138

Family economic status

Income level 0.011 0.114 0.010 0.921 1.011

Primary source of income 0.097 0.324 0.090 0.765 1.102

Agricultural labor force —0.068 0.189 0.130 0.718  0.934

Farming conditions

Farm size 0.052%** 0.019 7.423 0.006 1.054

Degree of farmland —0.095** 0.048 4.000 0.045  0.909
fragmentation

Use of machinery 0.520 0.346 2.263 0.132  1.682

Technology promotion and perception

Type of technology 0.670** 0.310 4.680 0.031 1.955
promoter

Perceived usability of 0.090 0.113 0.623 0.430 1.094
technology

Perceived usefulness of 0.385%** 0.116 10.907  0.001 1.469
technology

Number of obs = 312
Prob > Chi-squared =
0.000
Power of prediction (%)
=76.6
Pseudo R? = 0.288

Note: ** and *** represent 5% and 1% significance, respectively.

each indicator on the spatial variabilities of farmers making different
adoption decisions was detected using Eq. (5). The detection results are
summarized in Table 5.

Overall, landform characteristics, drainage capacity, irrigation ca-
pacity, and topsoil thickness were the factors that significantly impacted
the spatial variabilities of farmers making different adoption decisions
(Table 5). Among them, the landform characteristics were the most
important factor, explaining approximately 21% of the spatial vari-
abilities (P < 0.01); 60.8% of the farm households with farmlands
located in a flat area had chosen to adopt TSFFT, while none of the
households with farmlands located in upper hill areas had chosen to
adopt it. Drainage capacity could explain approximately 17% of the
spatial variabilities (P < 0.05); the stronger the drainage capacity of the
farmland, the more likely it was that the farm household would adopt
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Fig. 3. Spatial distribution characteristics of farmers making different adoption choices: a, Kernel density estimation, b, Farmers’ Voronoi diagram.
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Fig. 4. Indicators detecting the spatial variabilities of farmers making different adoption decisions.

Table 5
Detection results of the geographical detector method.

Landform characteristics ~ Drainage capacity  Irrigation capacity  Soil texture

Organic matter ~ Available phosphorus  Available potassium  Topsoil thickness

0.039
0.351

0.126
0.056

0.169
0.012

q 0.210
P 0.000

0.125
0.047

0.010
0.528

0.005
0.814

0.021
0.166

TSFFT. As for irrigation capacity, a household whose farmland had
strong or medium irrigation capacity would have an approximate 30%
probability of adopting TSFFT, which would drop to 16% when irriga-
tion capacity was weak. With respect to topsoil thickness, households
whose farmlands had topsoil thickness greater than 17 cm were more
likely to adopt TSFFT than those with a lower topsoil thickness.

4.3. Discussion

Relying on the excessive input of chemical fertilizers, China’s total
grain output has doubled over the past couple of decades (Zhang et al.,
2013), and national grain self-sufficiency has been achieved in general
(Qietal., 2015). A key measure to maintain national food security while
avoiding the further deterioration of agricultural environmental quality
has been to actively promote the development and spread of EFFTs.
However, despite the extensive efforts of policymakers, there has been
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no significant increase in the number of farmers adopting these tech-
nologies for grain production (Wang et al., 2018). Therefore, exploring
and understanding the factors influencing farmer adoption of EFFTs are
critical to developing robust policy instruments to increase farmers’
adoption rate.

Selecting the appropriate indicators and methods is crucial for such
analysis as the underlying mechanism influencing farmers’ decision-
making behavior is complex. With reference to conventional studies
that focus on socioeconomic characteristics and technology perceptions
in econometric analyses, as well as spatial analysis models that explore
the impact of geographical elements on farmer adoption decisions, we
established a spatial-econometric analytical framework to explore the
factors influencing farmers’ adoption of EFFTs. Although the framework
may have some flaws, the corresponding case study has presented many
valuable findings.

In this case, the household survey in 2018 shows that the adoption
rate of TSFFT in grain production was 25% in the study area. Although
this rate was slightly higher than that in Taihu Basin (23%) (Ma et al.,
2014), the promotional effect of this technology was far from promising.
However, our findings suggest that the situation can be improved
significantly if policymakers can clarify the key factors affecting
farmers’ adoption decisions and develop targeted policy measures
accordingly. Overall, identification of households who are receptive to
TSFFT, enhancement of farmers’ cognition and trust in TSFFT, and
improvement in the agricultural infrastructure are three practical
measures.

A careful examination of current promotional patterns of TSFFT in
the study area reveals that the promotional pattern in Taojiang Coun-
ty—which was gradually expanded village by village—has been ineffi-
cient. As most farmers adopt the technology due to the influence of
informal promoters (i.e., farmers’ relatives, acquaintances and friends;
see Table 4), who are usually located in the same or adjacent villages,
targeting the farmers receptive to TSFFT and then regarding them as
informal promoters to influence nearby farmers could be an efficient
approach to improving adoption. Receptive farmers are those who are
relatively younger and better educated and/or occupy a larger culti-
vated area. Although perceived usefulness has a greater impact on
farmers’ adoption than perceived usability, for those farmers who were
willing but did not adopt TSFFT, more effort should be put into
increasing their awareness of the ease of use of TSFFT. Moreover, due to
the fact that the spatial distribution of the adopters show clustering
characteristics (Fig. 3), more attention should be paid to non-adopter-
dominated areas. Furthermore, improving the irrigation and drainage
systems in farmlands could increase the probability of farmer adoption
of TSFFT.

If the above policy measures can be implemented, the quality of the
local agricultural environment will be improved significantly. Because
adopters used about 16% less fertilizer than non-adopters in grain pro-
duction, and the area sown to grain accounts for over 60% of the area
sown to crops in Taojiang County in recent years (Taojiang Bureau of
Statistics, 2019). However, although there may be differences in the
composition and price of the fertilizers used by adopters and
non-adopters, this study did not investigate these differences. Future
studies on the influencing factors of farmers’ adoption of EFFTs are
encouraged to carry out an in-depth exploration of these variables.

5. Conclusions

Over the past couple of decades, China has ensured food security at
the cost of agro-environmental quality. Under accelerated pressure from
environmental deterioration, there is an urgent need to achieve sus-
tainable grain production, which requires the broader use of EFFTs by
farm households. To systematically explore the factors that may influ-
ence farmers’ adoption of EFFT in grain production, our study used a
spatial-econometric analytical framework. We took into account four
major factors that could be influencing farmers’ adoption of EFFT:
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socioeconomic characteristics of the household, the technology’s pro-
motion and perception, farmland resource endowments, and the spatial
location of the household. Next, based on a logistic regression model and
three mutually complementary spatial analysis models, we applied our
framework using Taojiang County as our case study area.

Our findings indicate that farmers’ adoption of TSFFT is influenced
not only by socioeconomic and cognitive factors but also by geographic
and spatial elements. Among them, the age and education level of the
household head, the farm size, and the degree of farmland fragmenta-
tion are the main socioeconomic factors and the main geographic factors
are landform characteristics, drainage capacity, irrigation capacity, and
topsoil thickness. Moreover, the type of technology promoter and the
perceived usefulness of the technology also affect farmers’ adoption
willingness. In addition, most adopters are located in villages relatively
close to an urban settlement and the spatial distribution of the adopters
show clustering characteristics.

To increase the probability of adoption, more energy should be spent
on farmers who are receptive to TSFFT during the technology promotion
process, encouraging them to become active technology promoters.
Improvement in agricultural infrastructure should be focused on irri-
gation and drainage systems in farmland. However, since there are many
differences in grain production conditions, technology promotion pat-
terns, and rural social relations in different countries, the generaliz-
ability of this study remains to be further verified.

CRediT authorship contribution statement

Xiaoxing Qi: Conceptualization, Investigation, Methodology,
Writing — original draft, preparation. Fachao Liang: Formal analysis,
Validation. Wenhua Yuan: Supervision, Writing-Reviewing. Tao
Zhang: Investigation. Jianchun Li: Visualization.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgements

This research was supported by the Ministry of Education Founda-
tion of Humanities and Social Sciences [grant number 20YJC630113];
and the Natural Science Foundation of Shandong Province [grant
number ZR2020QD010].

References

Burnham, M., Ma, Z., 2016. Linking smallholder farmer climate change adaptation
decisions to development. Clim. Dev. 8, 289-311.

Chen, C., Pan, J., Lam, S.K., 2014a. A review of precision fertilization research. Environ.
Earth Sci. 71, 4073-4080.

Chen, X., Cui, Z., Fan, M., Vitousek, P., Zhao, M., Ma, W., Wang, Z., Zhang, W., Yan, X.,
Yang, J., Deng, X., Gao, Q., Zhang, Q., Guo, S., Ren, J., Li, S., Ye, Y., Wang, Z.,
Huang, J., Tang, Q., Sun, Y., Peng, X., Zhang, J., He, M., Zhu, Y., Xue, J., Wang, G.,
Wu, L., An, N., Wu, L., Ma, L., Zhang, W., Zhang, F., 2014b. Producing more grain
with lower environmental costs. Nature 514, 486-489.

Chen, X.P., Cui, Z.L., Vitousek, P.M., Cassman, K.G., Matson, P.A., Bai, J.S., Meng, Q.F.,
Hou, P., Yue, S.C., Romheld, V., Zhang, F.S., 2011. Integrated soil-crop system
management for food security. Proc. Natl. Acad. Sci. Unit. States Am. 108,
6399-6404.

Franzel, S., Coe, R., Nanok, T., Wambugu, C., 2011. The ‘model farmer’ extension
approach revisited: are expert farmers effective innovators and disseminators. In:
Proceedings of the International Conference on Innovations in Extension and
Advisory Services: Linking Knowledge to Policy and Action for Food and Livelihoods
Nairobi.

Greiner, R., 2015. Motivations and attitudes influence farmers’ willingness to participate
in biodiversity conservation contracts. Agric. Syst. 137, 154-165.

Han, H.Y., Yang, Z.X., 2011. Analysis on farmers’ adoptive behavior of soil testing for
formulated fertilization: empirical evidence from the Xuecheng District of
Zaozhuang City in Shandong Province. Sci. Agric. Sin. 44, 4962-4970.

Investigation team of rural economy, 2016. Hunan Rural Statistical Yearbook 1987-
2016. Hunan Statistics Press, Changsha.


http://refhub.elsevier.com/S0959-6526(21)01754-6/sref1
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref1
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref2
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref2
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref3
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref3
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref3
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref3
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref3
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref4
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref4
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref4
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref4
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref5
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref5
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref5
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref5
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref5
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref6
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref6
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref7
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref7
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref7
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref8
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref8

X. Qietal

Lei, S., 2020. Study on Motivation and Incentives of Rural Household’s Ecological
Behaviors in Under-forest Economy Management. Beijing Forestry University,
Beijing.

Li, H., Calder, C.A., Cressie, N., 2010. Beyond Moran's I: testing for spatial dependence
based on the spatial autoregressive model. Geogr. Anal. 39, 357-375.

Li, S., Zhu, Y., Ma, J., 2015. Analysis on cognition difference and influencing factors of
farmers on soil testing and formula fertilization technology. Statistics &
Informantion Forum 30, 94-100.

Li, Y., Wu, H., Shi, Z., 2016. Farmland productivity and its application in spatial zoning
of agricultural production: a case study in Zhejiang province, China. Environ. Earth
Sci. 75, 1-17.

Liu, Z., Liu, L., 2016. Characteristics and driving factors of rural livelihood transition in
the east coastal region of China: a case study of suburban Shanghai. J. Rural Stud.
43, 145-158.

Lu, H., Xie, H., He, Y., Wu, Z., Zhang, X., 2018. Assessing the impacts of land
fragmentation and plot size on yields and costs: a translog production model and cost
function approach. Agric. Syst. 161, 81-88.

Luo, X., Feng, S., Shi, X., Qu, F., 2013. Farm households’ adoption behavior of
environment friendly technology and the evaluation of their environmental and
economic effects in Taihu basin—taking formula fertilization by soil testing
technology as an example. J. Nat. Resour. 28, 1891-1902.

Ma, L., Feng, S., Reidsma, P., Qu, F., Heerink, N., 2014. Identifying entry points to
improve fertilizer use efficiency in Taihu Basin, China. Land Use Pol. 37, 52-59.

Mariano, M.J., Villano, R., Fleming, E., 2012. Factors influencing farmers’ adoption of
modern rice technologies and good management practices in the Philippines. Agric.
Syst. 110, 41-53.

Ministry of Agriculture of China, 2012. National Action Plan on Popularization of Soil
Testing for Formulated Fertilization Technology. Beijing.

Ministry of Agriculture of China, 2015. Zero Growth Program of Fertilizer and Pesticide
Usage by 2020. Beijing.

Ministry of Ecological and Environment of China, 2018. Action Plan for Tackling
Agricultural and Rural Pollution. Beijing.

Mueller, N.D., Gerber, J.S., Johnston, M., Ray, D.K., Ramankutty, N., Foley, J.A., 2012.
Closing yield gaps through nutrient and water management. Nature 490, 254-257.

National Bureau of Statistics of China, 2019. China Statistical Yearbook 1999-2019.
China Statistics Press, Beijing.

Qi, X., Dang, H., 2018. Addressing the dual challenges of food security and
environmental sustainability during rural livelihood transitions in China. Land Use
Pol. 77, 199-208.

Qi, X., Li, J., Yuan, W., Wang, R.Y., 2021. Coordinating the food-energy-water nexus in
grain production in the context of rural livelihood transitions and farmland resource
constraints. Resour. Conserv. Recycl. 164, 105148.

Qi, X., Vitousek, P.M., Liu, L., 2015. Provincial food security in China: a quantitative risk
assessment based on local food supply and demand trends. Food Security 7,
621-632.

Qi, X., Wang, R.Y., Li, J., Zhang, T., Liu, L., He, Y., 2018. Ensuring food security with
lower environmental costs under intensive agricultural land use patterns: a case
study from China. J. Environ. Manag. 213, 329-340.

Journal of Cleaner Production 310 (2021) 127536

Qin, T., Gu, X., Tian, Z., Pan, H., Deng, J., Wan, L., 2016. An empirical analysis of the
factors influencing farmer demand for forest insurance: based on surveys from Lin’an
County in Zhejiang Province of China. J. For. Econ. 24, 37-51.

Qu, M., Zhao, K., 2020. Study on the influence of family socioeconomic states and
farmers’ environmental friendly production behaviors. Jounal of Northwest A&F
University (Social Science Edition) 20, 135-143.

Raza, M.H., Abid, M., Yan, T., Ali Naqvi, S.A., Akhtar, S., Faisal, M., 2019. Understanding
farmers’ intentions to adopt sustainable crop residue management practices: a
structural equation modeling approach. J. Clean. Prod. 227, 613-623.

Sheather, S.J., 2004. Density estimation. Stat. Sci. 19, 588-597.

Song, W., Liu, M., 2017. Farmland conversion decreases regional and national land
quality in China. Land Degrad. Dev. 28, 459-471.

Staal, S.J., Baltenweck, 1., Waithaka, M.M., DeWolff, T., Njoroge, L., 2002. Location and
uptake: integrated household and GIS analysis of technology adoption and land use,
with application to smallholder dairy farms in Kenya. Agric. Econ. 27, 295-315.

Taojiang Bureau of Statistics, 2019. Taojiang Statistical Year Book 2000-2019. Taojiang
Bureau of Statistics, Taojiang.

Vitousek, P.M., Naylor, R., Crews, T., David, M.B., Drinkwater, L.E., Holland, E.,
Johnes, P.J., Katzenberger, J., Martinelli, L.A., Matson, P.A., Nziguheba, G.,
Ojima, D., Palm, C.A., Robertson, G.P., Sanchez, P.A., Townsend, A.R., Zhang, F.S.,
2009. Nutrient imbalances in agricultural development. Science 324, 1519-1520.

Wang, J., Xu, C., 2017. Geodetector: principle and prospective. Acta Geograph. Sin. 72,
116-134.

Wang, S., Chen, M., Peng, X., Liu, T., 2018. Empirical study on the influence of rural-
household differentiation on their willingness to adopt environment-friendly
technology: based on the investigation of 554 peasant households’ application of soil
testing formula fertilization technology. J. China Agric. Univ. 23, 187-196.

Wu, Y., Xi, X., Tang, X., Luo, D., Gu, B., Lam, S.K., Vitousek, P.M., Chen, D., 2018. Policy
distortions, farm size, and the overuse of agricultural chemicals in China. Proc. Natl.
Acad. Sci. Unit. States Am. 115, 7010-7015.

Xie, H., Cheng, L., Lv, T., 2017. Factors influencing farmer willingness to fallow winter
wheat and ecological compensation standards in a groundwater funnel area in
Hengshui, Hebei Province, China. Sustainability 9, 839.

Xie, H., Jin, S., 2019. Evolutionary game analysis of fallow farmland behaviors of
different types of farmers and local governments. Land Use Pol. 88, 104122.

Zhang, F., Chen, X., Vitousek, P., 2013. Chinese agriculture: an experiment for the world.
Nature 497, 33-35.

Zhang, J., Manske, G., Zhou, P.Q., Tischbein, B., Becker, M., Li, Z.H., 2017. Factors
influencing farmers’ decisions on nitrogen fertilizer application in the Liangzihu
Lake basin, Central China. Environ. Dev. Sustain. 19, 791-805.

Zhang, L., Li, X., Yu, J., Yao, X., 2018. Toward cleaner production: what drives farmers to
adopt eco-friendly agricultural production? J. Clean. Prod. 184, 550-558.

Zhao, J., Yin, C., Niu, M., 2017. Spatial-temporal difference and trends of agricultural
eco-civilization level in China. Finance Trade Res. 6, 47-57.

Zheng, Y., Liu, S., Ai, C., 2019. Study on the mechanism of agricultural non-point source
pollution control based on government subsidy: from the perspective of market
structure. Ecol. Econ. 35, 199-205.


http://refhub.elsevier.com/S0959-6526(21)01754-6/sref9
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref9
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref9
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref10
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref10
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref11
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref11
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref11
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref12
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref12
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref12
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref13
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref13
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref13
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref14
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref14
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref14
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref15
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref15
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref15
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref15
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref16
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref16
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref17
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref17
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref17
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref18
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref18
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref19
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref19
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref20
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref20
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref21
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref21
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref22
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref22
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref23
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref23
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref23
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref24
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref24
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref24
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref25
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref25
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref25
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref26
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref26
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref26
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref27
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref27
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref27
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref28
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref28
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref28
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref29
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref29
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref29
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref30
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref31
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref31
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref32
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref32
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref32
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref33
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref33
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref34
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref34
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref34
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref34
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref35
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref35
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref36
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref36
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref36
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref36
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref37
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref37
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref37
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref38
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref38
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref38
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref39
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref39
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref40
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref40
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref41
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref41
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref41
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref42
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref42
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref43
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref43
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref44
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref44
http://refhub.elsevier.com/S0959-6526(21)01754-6/sref44
Administrator
高亮


	Factors influencing farmers’ adoption of eco-friendly fertilization technology in grain production: An integrated spatial–e ...
	1 Introduction
	2 Analytical framework and methods
	2.1 Analytical framework
	2.2 Development of the logistic model
	2.3 Development of spatial analysis models

	3 Study area and data sources
	3.1 Study area
	3.2 Data sources

	4 Results and discussion
	4.1 Influence of socioeconomic characteristics and technology promotion and perception
	4.2 Impact of household spatial location and farmland resource endowments
	4.3 Discussion

	5 Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	References


