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Abstract
Previous studies mainly focused on the effect of single social learning on farmers’ safety 
behavior and rarely explored the mechanism of social learning on green control techniques. 
Using survey data from 608 farmers in Sichuan Province, this paper empirically analyzes 
this mechanism. The results showed that the adoption of green control techniques in the 
sample area was not promising; although 94.41% of the surveyed farmers adopted the 
techniques, the average number of practices adopted was only 2.88 out of seven possible 
practices. Social learning facilitates the adoption level of green control techniques by farm-
ers. From the marginal effect, the probability of “many techniques adopted” increased by 
6.692% for each unit of increase in social learning. Moreover, it is also discovered that 
environmental literacy plays a bridging role in the process by which social learning influ-
ences the adoption level of green control techniques, i.e., social learning can act on the 
adoption level through environmental literacy. Finally, we found that a favorable market 
environment is conducive to the conversion of farmers’ environmental literacy into green 
control techniques. The facilitating effect of environmental literacy on the adoption level 
is further enhanced when there is improvement in access to materials need for such tech-
niques, ease of selling produce, and price stability. This paper makes important additions 
to the research field of social learning influencing the agricultural technology adoption and 
is an extension of social learning theory with important implications for green agriculture.

Keywords Farmers informal learning · Green technology adoption · Pesticide · 
IV-Oprobit · Bootstrap approach

Dakuan Qiao, Lei Luo and Chenyang Zhou these authors as co-first authors contributed equally to this 
work.

 * Xinhong Fu 
 10248@sicau.edu.cn

1 School of Management, Sichuan Agricultural University, Chengdu 611130, Sichuan, China
2 Anxi College of Tea Science, Fujian Agriculture and Forestry University, Fuzhou 362400, Fujian, 

China

http://crossmark.crossref.org/dialog/?doi=10.1007/s10668-022-02618-7&domain=pdf


13306 D. Qiao et al.

1 3

1 Introduction

With population growth and industrial development, the discharge of various pollutants 
into the environment is gradually increasing (Mahdavi et al., 2022; Zinatloo-Ajabshir et al., 
2022). Green technology is a way to reduce pollution. For example, the development of 
nanotechnology has allowed the effective degradation of organic pollutants and enabled 
environmental remediation, thus improving people’s lives (Etemadi et al., 2021; Hossein-
zadeh et al., 2022; Zinatloo-Ajabshir et al., 2017; Zinatloo-Ajabshir & Mousavi-Kamazani, 
2021). In China, agricultural pollution has become a serious problem, especially pollution 
caused by excessive pesticides. Nearly 1.4 million tons of pesticides were consumed in 
2019, with 1.5-4.0 times more applied per hectare than the global average (Xu et al., 2021). 
Yet, the average pesticide utilization rate was only 35%, much lower than the average of 
50%-65% in developed countries, which implies possible future growth of pesticide use 
and the associated environmental effects. To curb the growth of pesticide use, with the 
goals of ensuring both environmental health and the safety of agricultural products, China 
put forward the concept of “public plant protection and green plant protection” in 2006. 
Since then, the green development and quality agricultural strategy has put forward clear 
target requirements for green control. In 2015, China’s Ministry of Agriculture and Rural 
Development formulated and issued the Action Plan for Zero Growth of Pesticide Use by 
2020, which stated that green control techniques should be comprehensively promoted in 
agricultural production.

Green control technique (GCT), which is a localization of the concept of integrated pest 
management (IPM) in China (Gao et al., 2017), is a resource-saving and environmentally 
friendly pest management regime (Samiee et  al., 2009) that minimizes farmers’ depend-
ence on chemical pesticides that can cause severe soil contamination (Gao & Niu, 2019; 
Yu & Han, 2012). It is well known that plants can take up various pollutants through dif-
ferent uptake methods (e.g., passive diffusion). Soil contaminants originate from widely 
different sources, including biological contaminants, organic contaminants (e.g., organo-
chlorine pesticides), and inorganic contaminants like toxic heavy metals (Aboubakar 
et al., 2021; Malik, 2022). In agricultural production, all these pollutants can be produced 
by agricultural activities (Tauqeer et al., 2022), especially the use of chemical pesticides, 
which produce toxic heavy metals (Abbas et  al., 2022; Tauqeer et  al., 2021), leading to 
deterioration of soil organic carbon (SOC) and destroying soil nutrients. Pesticides can 
accumulate in farmland through surface runoff and cause soil contamination (Khalil et al., 
2022). These soil contaminants can diffuse and integrate into plant organs with the mate-
rial transfer system of the plant body and cannot be removed by methods such as external 
washing, implying incalculable ecological and agricultural safety risks. The results of field 
trials and demonstrations have shown that the application of GCT can effectively reduce 
chemical pesticides and mitigate soil contamination. However, farmers, as the end-users 
and demanders of the technology extension (Niu et al., 2022), generally lack enthusiasm 
for GCT adoption, which restricts the widespread diffusion of GCT. Therefore, exploring 
effective ways to influence GCT adoption by farmers is urgently needed.

The drivers of GCT adoption among farmers can be explored from both internal and 
external perspectives. In terms of internal factors, a survey of Iranian rice farmers, for 
example, showed that factors such as farmers’ perceptions of the advantages and disad-
vantages of pesticides, and their economic and health motivations can predict their sup-
port or opposition to biological control (Abdollahzadeh et al., 2016; Abdollahzadeh et al., 
2015). Farmers’ willingness to reduce pesticide use is also influenced by subjective factors 
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such as perceptions, cognitions, morals, and attitudes (Damalas, 2021; Sharifzadeh et al., 
2019; Yazdanpanah et al., 2022). Besides, basic endowment characteristics, such as gen-
der, age, education, and household labor, have significant effects on GCT adoption behav-
ior (Gao et  al., 2017). However, factors influencing farm households’ GCT adoption do 
not stop there. In terms of external factors, numerous studies have identified information 
services (Shi & Zhang, 2022), policy control (Pan et  al., 2021), social networks (Geng 
et al., 2017), organizational support (Li et al., 2021), and peer effects (Niu et al., 2022) are 
all strongly associated with farmers’ adoption of GCT. Indeed, as is the case with smart 
agriculture (Lkima et al., 2022; Mabrouki et al., 2022), the knowledge-intensive nature of 
GCT suggests that systematic technology diffusion and education are necessary to promote 
adoption of GCT (Li et al., 2021). However, the current agricultural education system in 
China is imperfect, and large-scale diffusion of GCT would incur significant costs, which 
may not be feasible. As a cost-effective medium for knowledge and technology diffusion, 
social learning has been the focus of research related to sustainable agriculture and natural 
resource management (Reed and Massie, 2013). Magnan et  al. (2015) found that farm-
ers continuously revised their evaluation of agricultural techniques through social learning, 
thereby enhancing their willingness to adopt the techniques. Some scholars built on this 
by finding that farmers often cite other farmers as their most trusted and reliable source 
of information during the adoption of new agricultural techniques (Adnan et  al., 2017). 
However, due to differences in research areas, methods, and data, no consistent conclusions 
have been drawn regarding the impact of social learning on GCT adoption. For example, a 
study found that farmers might be encouraged to adopt new technology by learning from 
experts and fellow farmers (Takahashi et  al., 2019), but according to Ding et  al (2021), 
misleading information and competence discrepancies may undermine or even reverse 
the positive effects of social learning. In fact, this reflects the two-sided nature of social 
learning. Therefore, the relationship between social learning and GCT adoption by farmers 
needs to be further explored.

Previous studies have focused on the impact of single social learning factors (e.g., 
neighborhood communication) on farmers’ technology adoption (Genius et  al., 2013; 
Nakano et al., 2018), but have ignored the role of intrinsic psychological characteristics, 
especially environmental literacy with integrated characteristics. In fact, people’s behav-
ior is influenced by their attitudes, norms, and cognition that directly predict their actions 
(Ajzen, 1991); we hypothesize that farmers’ GCT adoption behavior is influenced by their 
environmental literacy. We use multidimensional indicators based on previous studies to 
measure social learning in a comprehensive manner. We also take environmental literacy 
into account for mediation analysis. Existing studies tend to adopt planned behavior theory 
(Adnan et al., 2018), technology acceptance model (Savari et al., 2021), and innovation dif-
fusion model (Liu et al., 2020) to examine the influence of farmers’ subjective psychologi-
cal factors on their technology adoption. However, the market environment, as an important 
external institution, can have a moderating effect on these factors. Existing studies have not 
included the market environment in a unified analytical framework, which may cause some 
bias in the results. Therefore, this study investigates social learning, environmental literacy, 
and market environment in a unified analytical framework.

The main contributions of this paper are as follows: First, we employ exploratory fac-
tor analysis to measure social learning and environmental literacy in multiple dimen-
sions, and we quantitatively analyze GCT adoption behavior in four aspects (physical- and 
chemical-induced control, biological control, ecological regulation, and scientific use of 
chemical pesticides). Second, we examine the current status of GCT adoption in Sichuan 
Province. Third, by using Oprobit and Bootstrap methods to combine the multidisciplinary 
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perspectives of social psychology and behavioral economics, we examine the direct and 
indirect mediation effects of social learning on farmers’ GCT adoption level. Fourth, we 
use these methods to demonstrate the moderation effect of the market environment on the 
process by which environmental literacy affects GCT adoption. In sum, we provide both 
theoretical and empirical support for green agricultural development.

2  Theoretical framework

2.1  Direct effect of social learning on GCT adoption by farmers

Social learning theory was mostly used to analyze the role of observational learning and self-
regulation in human behavior and also emphasized the interaction between behavior and the sur-
rounding environment (Zhang et al., 2021). Here, social learning refers to learning related to agri-
cultural production that farmers undertake through other means in addition to formal learning at 
school (Guo et al., 2020). Social learning can affect farmers’ GCT adoption through at least three 
mechanisms. The first is risk diversification. Initial capital and labor inputs into GCT are costly 
(Geng et al., 2017), which poses risks to smallholder farmers (Barham et al., 2015). However, 
social learning by farmer groups can accelerate the diffusion and spread of techniques, creating 
a “herd effect” of technique adoption and leading to gradual convergence of individual behavior 
within the groups. By reducing overall risk aversion and improving the ability to diversify risks, 
the herd effect can facilitate adoption of high-risk and high-return technologies (Dyer & Chu, 
2003). The second mechanism is information access. Through an analysis of US agriculture, Ng 
et al. (2011) found that contact with neighbors positively influenced family farms’ capability to 
collect information. Currently, agricultural extension services in China are limited, and farm-
ers learn new techniques mainly by interacting with people around them, which compensates 
to some extent for information mismatch (Zhang et al., 2021), while reducing the uncertainty of 
returns and facilitating the adoption of GCT (Gao & Niu, 2019). The third mechanism is cogni-
tive and skill reinforcement. Social learning can provide channels for farmers to discover mul-
tiple benefits of GCT, update their perceptions about GCT, and better understand GCT (Aida, 
2018). Simultaneously, the knowledge spillover effect generated by social learning helps farmers 
accumulate technical knowledge and improve efficiency through technology demonstration and 
behavior (Leta et al., 2018). Based on the above analysis, the following hypothesis is proposed:

H1 Social learning acts positively on GCT adoption by farmers.

2.2  Mediation effect of social learning on GCT adoption by farmers 
through environmental literacy

Environmental literacy is an integrated system of values and attitudes as well as knowl-
edge and skills, not a single stock of environmental knowledge (McBride et al., 2013). 
Social learning can not only directly influence GCT adoption by farmers, but can do so 
indirectly through its mediating effect on environmental literacy. In rural China, people 
follow internal behavioral norms that are formed through social interactions. (Zhao & 
Xia, 2020). Under such norms, close communication and learning among family and 
neighbors has an overriding impact on farmers’ perceptions (Nakano et  al., 2018). If 
the environmental values of surrounding farmers change, this may have a homogeniz-
ing influence on the environmental ideology of other farmers, which in turn affects their 
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behavior (Gars & Ward, 2019; Niu et al., 2022). In addition, technical learning through 
participation in training not only helps farmers acquire more sophisticated and advanced 
agricultural knowledge and skills, but also enhances their environmental responsibility 
and changes traditional environmental values by means of propaganda and edification, 
thus promoting GCT adoption. Finally, observing the successful experiences of sur-
rounding farmers in adopting GCT leads to self-reinforcing perceptions. In the process 
of agricultural production, most people tend to converge and follow the herd to avoid 
social exclusion and broken relational ties. They see the information from their peers 
as the correct basis for green production, imitate the successful practices of their neigh-
bors, and internalize their values as the standard for their own behavior (Voors et  al., 
2012; Zhao & Xia, 2020). Based on this, the following hypothesis is proposed:

H2 Social learning positively affects farmers’ GCT adoption through improving their envi-
ronmental literacy.

2.3  Moderation effect of the market conditions on the process of environmental 
literacy affecting GCT adoption by farmers

The market conditions refer to various external market factors that affect agricultural 
production and marketing, such as agricultural materials, information, sales, and prices. 
Consciousness–situation–behavior theory holds that individual pro-environmental 
behavior is the result of the joint action of environmental awareness and situational 
factors; external situations regulate the relationship between environmental awareness 
and pro-environmental behavior, and favorable (unfavorable) situational factors facili-
tate (hinder) the relationship between both (Guagnano et al., 1995). The market condi-
tions are the most important external factor influencing farmers’ production decisions 
(Valdivia et al., 2012). In general, when farmers’ environmental literacy influences their 
pro-environmental behavior (Roth, 1990), this influence changes in response to market 
environment. Studies show that a well-developed market environment can accelerate the 
shift from environmental awareness to behavior among farmers (Läpple, 2010; Mon-
talvo, 2008; Odoemenem & Obinne, 2010). For example, a sound market for green agri-
cultural outputs will break the constraints of various materials and technical services 
needed for green production (Montalvo, 2008) and provide convenient material condi-
tions for GCT adoption by farmers with environmental knowledge and skills. Further, 
marketing prospects and price stability of agro-products are key aspects in determining 
their value conversion (Läpple, 2012; Liu & Wu, 2022). It has been found that, as the 
proportion of agro-products sold increases, the possibility that farmers’ awareness of 
green production will be transformed into green behaviors will subsequently increase, 
and, in pursuit of product quality and reputation, they will strictly control their produc-
tion behavior (Gong et al., 2019). Based on the above analysis, the following hypothesis 
is proposed.  In summary, this paper attempts to construct an analytical framework for 
the impact of social learning on farmers’ GCT adoption, as shown in Fig. 1.

Fig. 1  Analysis framework 
diagram Social learning

Farmers’ GCT 

adoption level
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H3 The market conditions play a positive moderating role in the process of environmental 
literacy influencing GCT adoption by farmers.

3  Data, variables, and methods

3.1  Data collection

The data used in this study are from a field survey conducted in July and August 2021 
among citrus growers in Sichuan Province. Sichuan is the main citrus producing area in 
China. In 2020, its citrus planting area reached five hundred thousand  hm2, yielding 5.1 
million tons, which are in the top four for all provinces in China. Meanwhile, Sichuan is 
also a priority region for promotion of new production technologies in China and there-
fore is representative of practices in China.

Data were collected using a combination of typical sampling and stratified random 
sampling. To begin, seven prefecture-level cities in Sichuan province were chosen based 
on the condition of citrus farming, geographic and geographical dispersion, and eco-
nomic growth. These were Chengdu, Meishan, Nanchong, Yibin, Ziyang, Neijiang, and 
Dazhou (see Table 1). Next, 1-2 counties (districts) with good citrus planting conditions 
were selected from each city, followed by 2-6 townships selected based on informa-
tion given by the local agricultural bureau. Subsequently, 1-3 villages were chosen at 
random from each sample township. Finally, we randomly selected farmers from each 
village to conduct a “one-on-one” interview survey. Since citrus planting is done in an 
irregular layout, there is substantial heterogeneity in planting area, number of planters, 
and planting distribution in each district and county. Therefore, the sample citrus plant-
ers were sampled using a non-proportional distribution method. A total of 638 ques-
tionnaires were distributed. After eliminating invalid questionnaires, 608 valid samples 
were finally obtained, with an efficiency rate of 95.30%. Personal and family character-
istics, as well as production information, green production perspectives and behaviors, 
and training, were all included in the questionnaire.

3.2  Variable selection and measurement

The dependent variable in this paper is the level of GCT adoption. GCT is a complex set 
of technologies. Currently, GCT that are widely used in agricultural production in China 
and are relatively mature include physical and chemical induced control (Category 1), 
biological control (Category 2), ecological regulation (Category 3), and scientific use 
of chemical pesticides (Category 4) (Gao & Niu, 2019). Referring to (Willy & Holm-
Müller, 2013), we selected one or two specific techniques from each of these four cat-
egories for quantitative analysis. Considering the actual GCT adoption revealed in the 
survey and the purpose of this study, we selected insecticidal lamp trapping and insect 
sex attractant control, artificial release of natural enemies, disease-resistant varieties 
and raw grass mulching, pesticide reduction, and biological pesticides from Category 
1, Category 2, Category 3, and Category 4, respectively. To better estimate farmers’ 
GCT adoption level, referring to Shi & Zhang (2022), we used the five-category scale 
assignment method to comprehensively estimate these seven techniques, with adoption 
of 0 GCT indicating no adoption and assigned as 1; adoption of 1-2 GCT indicating less 
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adoption and assigned as 2; adoption of 3 GCT (mean) indicating neutral adoption and 
assigned as 3; adoption of 4-5 GCT indicating more adoption and assigned as 4; and 
adoption of 6-7 GCT indicating substantial adoption and assigned as 5. The higher the 
score, the higher the GCT adoption level.

Among the 608 samples, 425 farmers used insecticidal lamp trapping and 166 farm-
ers used insect sex attractant control, accounting for 69.90% and 27.30%. A total of 113 
farmers used artificial release of natural enemies, accounting for 18.59%. The number 
of farmers using disease-resistant varieties and raw grass mulching was 501 and 98, 
accounting for 82.40% and 16.12%, respectively. The number of farmers who adopted 
pesticide reduction and biological pesticides was 301 and 133, accounting for 49.51% 
and 21.88%, respectively. Additionally, the percentages using 0, 1, 2, 3, 4, 5, 6, and 7 
techniques were 5.59, 19.24, 23.68, 17.93, 16.12, 7.89, 5.43, and 4.11%, respectively. 
The proportion using at least one GCT was 94.41%, but the average number of GCT 
used was 2.8. Those show that farmers’ GCT adoption in the sample area presented a 
high proportion, low level, and high unevenness (see Fig. 2).

The core independent variable is social learning. Because social learning is a latent 
variable that is not directly observable, previous studies have not developed a uniform 
measure. Some use a single indicator to examine social learning, such as “interacting 
with nearby farmers to learn,” “consulting with experts with strong technical skills,” or 
“observing the behavior of other farmers” (Barham et al., 2015; BenYishay & Mobarak, 
2019). Other studies use multidimensional variables to construct a composite indicator 
(Ding et al., 2021; Guo et al., 2020; Yu & Kong, 2022; Zhang et al., 2021). Considering 
the research themes and referring to existing studies, we selected the following meas-
urements of social learning: mutual learning, learning by asking, learning through train-
ing, and role demonstration (see Table 2).

Environmental literacy is a variable that mediates between environmental literacy 
and CGT adoption. Similar to social learning, it is a latent variable that is difficult to 
observe directly. Referring to existing studies (Guo et al., 2020; Yu & Kong, 2022), we 
measure environmental literacy based on nine indicators in three dimensions: environ-
mental values, responsibility, and knowledge and skills (see Table  2). We construct a 
comprehensive index using exploratory factor analysis to avoid errors caused by single-
indicator measurements.
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Fig. 2  GCT adoption among sample farmers
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The market conditions moderate the effects of social learning and environmental liter-
acy on CGT adoption. As a cash crop, citrus is deeply influenced by the market, especially 
in terms of production materials, information, sales, and prices. Therefore, we measure the 
market conditions from these four aspects. Farmers were asked “How easy is it for you to 
obtain green production materials?”, “How easy is it for you to obtain green agricultural 
market information?”, “How easy was it to sell citrus last year?”, and “How stable was the 
price of citrus sold in the past two years?” as the proxy variables for production materials, 
information, sales, and price, respectively (see Table 3).

We controlled for personal and family characteristics, household production opera-
tions, external environment, and village characteristics, which may interfere with estima-
tion results. In terms of personal characteristics, we surveyed age, years educated, off-farm 
work experience, risk appetite, and smartphone use. In terms of family production and 
operation characteristics, we asked about friends and relatives working in the government, 
the distance between the household and the government agronomy department (referred 
to as “distance” below), citrus annual income, and planting years. For external environ-
ment, we asked about government regulations, including incentives, constraints, and guid-
ance. Finally, we control for village topography. In addition, considering the possible endo-
geneity of the relationship between social learning and GCT adoption, this study selects 
“the number of people you greet as your friends and relatives during the New Year” as the 
instrumental variable for endogeneity testing. The definition of each variable and results of 
descriptive statistics are shown in Table 3.

3.3  Research methodology

3.3.1  Factor analysis

Factor analysis identifies a small number of potential drivers behind multiple variables 
by examining the relationship among the variables. The formula for factor analysis is as 
follows:

where X is the new variable after normalization, F is the common factor, and the matrix A 
is the factor loading matrix whose elements Aij are called factor loadings. The factor analy-
sis model is built in the following steps:

Step 1: the raw data are normalized. See Eq. (2):

xgi represents the mean of the jth indicator, and �j represents the standard deviation of the 
jth indicator, thus giving the standardization matrix.

Step 2: Extraction of the common factors. Selecting the common factor variables 
based on the principle of eigenvalues greater than 1, the formula for the cumulative 
variance is 

∑m

i=1
�i(

∑p

i=1
�i)

−1 , and the weight value is determined by the formula 
�i = �i(

∑p

i=1
�i)

−1.

(1)

X1 = A11F1 + A12F2 +⋯ + A1kFk + �1
X2 = A21F1 + A22F2 +⋯ + A2kFk + �2

⋯⋯

Xn = An1F1 + A22F2 +⋯ + A2kFk + �2

(2)x̃ij =
xij − xgi

𝜎j
, i = 1, 2,⋯ , n
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Step 3: Factor rotation. This study uses the variance-maximizing rotation in orthogo-
nal rotation to enhance the discrimination of the same original variables across factor 
loading coefficients, allowing the explanatory power of key factors to be highlighted.

Step 4: Calculate the composite factor score. According to the scores of each com-
mon factor and weights, the composite evaluation value of the jth sample can be 
obtained: �i =

∑

�iFi.
We used SPSS 26.0 (Statistical Products and Services Solution) to first conduct a fac-

tor analysis of social learning. We found that its Cronbach’s alpha reliability coefficient 
was 0.831, the KMO value (Kaiser–Meyer and Olkin, an indicator for comparing simple 
and partial correlation coefficients between variables) was 0.798, and the concomitant 
probability of Bartlett’s spherical test was 0, indicating that social learning was suit-
able for factor analysis. Then, factor rotation is performed using the maximum variance 
method to extract an eigenvalue greater than one common factor, and its cumulative 
variance contribution rate was 66.721%. Since only one common factor was extracted 
from social learning, this factor score was used as a composite index of social learning.

Similarly, we obtained a Cronbach’s alpha reliability coefficient of 0.795 and a 
KMO value of 0.800 for environmental literacy, with a concomitant probability of 0 
for the Bartlett’s spherical test, suitable for factor analysis. Then, the maximum vari-
ance method was used for factor rotation to extract three common factors (θ1, θ2,θ3) with 
eigenvalues greater than 1. Their respective variance contribution rates were 23.059%, 
24.999%, and 20.568%, and the cumulative variance contribution rate was 68.626%. The 
specific calculation formula is: EL=(θ1*23.059%+θ2*24.999%+θ3*20.568%)/68.626%.

3.3.2  Oprobit model

Given that the dependent variable is the level of GCT adoption by farmers, taking val-
ues of 1, 2, 3, 4, and 5, there is a distinct progressive relationship. For such ordered 
multi-categorical variables, the ordered probit model is more appropriate. The specific 
model expressions are as follows:

where Adoption represents farmers’ GCT adoption level, SL represents the social learning 
variable, � and � are the coefficients to be estimated, X represents control variables, and 
�k represents a disturbance term that obeys a standard normal distribution. To address the 
endogeneity issue, the study employs the IV-Oprobit model for two-stage estimation based 
on Eq. (3). The model expression is as follows:

Eq. (4) is the first-stage estimator. The explanatory variable is social learning, and the main 
explanatory variable is “The number of friends and relatives you visited during the New 
Year.” Eq. (5) is the same as Eq. (3) except that the explanatory variable is the fitted value 
of social learning.

(3)Adoption = �SL + �X + �k

(4)SL = � Number + �X + �k

(5)Adoption = �ŜL + �X + �k
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3.3.3  Bootstrap‑based moderated mediation effect test method

In this study, we choose the Bootstrap-based moderated mediation effect test proposed 
by Preacher and Hayes (Preacher et al., 2007) to explore the mediation effect of envi-
ronmental literacy and the moderation effect of market environment in the process of 
social learning influencing farmers’ GCT adoption level. Compared with the stepwise 
regression method, the Bootstrap method places the mediation effect analysis under dif-
ferent levels of moderator variables in the same model, avoiding the possible omission 
of variables in the traditional moderated mediation effect analysis. The specific formula 
is as follows:

In Eqs.  6, 7, 8, X represents social learning, Adoptioni represents the ith farmer’s 
level of GCT adoption, M is environmental literacy, I is the market environment, 
a, b, c, c

′

, d, ande are parameters to be estimated, and u1, u2, andu3 are random error 
terms. Equation (6) represents the direct effect of social learning on the level of GCT 
adoption, Eq. (7) represents the effect of social learning on the mediator variable envi-
ronmental literacy, and Eq. 8 represents the indirect effect of social learning on the level 
of GCT adoption through environmental literacy moderated by the market conditions.

4  Results and discussion

4.1  Direct effect of social learning on the level of GCT adoption by farmers 
(Pathway I)

Disregarding the mediation and moderation effects for now, the baseline regression is 
conducted by introducing independent and control variables with the help of the Oprobit 
model (see Model 1 in Table 4). From model 1, the coefficient of social learning is signifi-
cantly positive at the 1% level, indicating that the improvement of farmers’ social learning 
will enhance their GCT adoption level. Thus, Hypothesis H1 is initially validated. Gen-
eral speaking, farmers can quickly grasp information, knowledge, and skills about GCT 
through various social learning channels. This can help correct their traditional cognitive 
biases about GCT and can alleviate their concerns about the potential risks of adopting 
new techniques (Zhang et  al., 2021). This, in turn, reduces the practical barriers during 
GCT adoption, thus improving the GCT adoption level. Specifically, interacting with sur-
rounding farmers and observing their behaviors allows farmers to anticipate the possible 
difficulties and risks they may encounter in GCT adoption and formulate countermeasures 
in advance (Luo et al., 2022), thus reducing household risk exposure and facilitating their 
GCT adoption.

Indeed, there may be a reciprocal causal relationship between social learning and GCT 
adoption. That is, the improvement of farmers’ social learning will boost their level of 
GCT adoption. As the level grows, their green cognition becomes deeper, their willingness 

(6)Adoptioni = cX + u1

(7)M = aX + u2

(8)Adoptioni = c�X + bM + dI + eM ∗ I + u3
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to acquire more knowledge and skills through social learning gradually increases, and 
thus their social learning level also increases (Lewicka, 2011). Therefore, to address the 
endogeneity issue caused by reciprocal causality, this study will use instrumental variable 
Oprobit (IV-Oprobit) in addressing such endogeneity issues to correct the model estima-
tion results (Wang et al., 2020).

Based on the selection condition that instrumental variables are highly correlated with 
endogenous variables and uncorrelated with the nuisance term, this study selects “The 
number of friends and relatives you visited during the New Year” as the instrumental vari-
able. More visits to friends and relatives mean that farmers have stronger social networks 
and willingness to interact, which will create better conditions for their participation in 
social learning. Because no direct correlation was found between the number of visits to 
friends and relatives and GCT adoption, this variable is eligible to be an instrumental vari-
able. Model 2 in Table 4 is a retest of social learning’s influence on the level of GCT adop-
tion using the IV-Oprobit method. Model 3 is the marginal effect corresponding to the IV-
Oprobit estimation. From model 2, the lnsig_2 value is -0.117, the two-stage estimation 
is significant, and it passes the atanhrho_12 test, indicating that using the CMP method in 
the model (conditional mixed process, a procedure capable of solving instrumental vari-
able regression problems when the dependent variable is an ordered variable) is better than 
the direct estimation of Oprobit model. Therefore, the instrumental variable is selected 
effectively. From the results, the effect of social learning on farmers’ GCT adoption level 
in model 2 is consistent with model 1 in terms of direction and significance. Looking at 
the coefficient size, the coefficient of social learning increases when controlling for the 
endogeneity issue, showing that potential endogeneity underestimates the impact of social 
learning on GCT adoption level. According to Model 3, the marginal effect of social learn-
ing on GCT adoption level of “many techniques adopted” is 6.692% (3.045% without con-
trolling for endogeneity), and hypothesis H1 is validated.

Regarding control variables, risk preference, distance between family and government 
agronomy department, citrus annual income, planting years, village topography, and gov-
ernment’s guidance and incentives all had significant effects on GCT adoption level. The 
lower farmers’ risk appetite, the less their willingness to shoulder potential risks, which is 
not conducive to GCT adoption (Li et al., 2021). The nearer the proximity to government 
agronomy departments, the easier it is to access GCT-related services and to be monitored, 
resulting in a greater GCT adoption level. This resembles existing findings (Manda et al., 

Table 5  Test for mediation effect of environmental literacy

***Indicates significance at the 1% level. The bias-corrected nonparametric percentile Bootstrap method 
with 5000 replications is used. Boot CILL represents the lower limit of the 95% confidence interval, while 
Boot CIUL represents its upper limit.

Dependent variable Independent variable Coefficient Boot 
standard 
error

95% Confidence interval

Boot CILL Boot CIUL

Environmental literacy Social learning 0.136*** 0.021 0.096 0.177
Control variables Controlled

Level of GCT adoption Social learning 0.138*** 0.043 0.053 0.222
Environmental literacy 0.475*** 0.083 0.313 0.637
Control variables Controlled
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2020). Higher citrus income provides financial support for farmers to adopt GCT and gives 
them stronger economic incentives to adopt it, which is largely in line with BenYishay and 
Mobarak (2018). The longer the cultivation period, the more farmers display path depend-
ence on traditional pest control methods, which is not conducive to GCT adoption. Regard-
ing topography, citrus is generally suitable for planting on gentle slopes or flat land; since 
southwestern China is mostly covered with hills and low mountains, farmers in this hilly 
terrain tend to adopt GCT to safeguard the stability of citrus yield and quality. Government 
guidance and subsidy tools contribute to enhancing farmers’ willingness to adopt GCT, 
which is similar to existing studies (Liu & Wu, 2022).

4.2  Mediation effect of environmental literacy in the process of social learning 
affecting the level of GCT adoption by farmers (Path II)

The SPSS macro (Process program) designed by Hayes was used to perform the analysis. 
Model 4 in the Process program was used to test the mediation effect of environmental 
literacy (see Table 5). Table 5 shows that the effect of social learning on environmental 
literacy is significantly positive at the 1% level with a confidence interval not including 
0 (LLCI=0.096, ULCI=0.177). This indicates that social learning can positively affect 
farmers’ environmental literacy. This suggests that, by attending training or learning from 
neighbors and experts with high technical skills, farmers gradually gained a deeper under-
standing of the characteristics, benefits, and operations of GCT (Zhang et al., 2021). We 
believe that this helped to improve farmers’ GCT awareness and enriched their knowledge 
and skills, similar to the conclusions of Ding et al (2021). Simultaneously, participation in 
training enables farmers to realize that irrational use of chemical inputs will harm humans 
and the environment (Luo et al., 2022). This stimulates their moral consciousness, hence 
improving their environmental responsibility. Furthermore, when both social learning and 
environmental literacy were concurrently introduced into the model, the effects of both on 
the level of GCT adoption were significantly positive at the 1% level and the confidence 
intervals still did not include 0, again illustrating that both had a positive effect on the level 
of GCT adoption among farmers. For environmental literacy, farmers are more willing and 
able to adopt GCT when their environmental values (especially their understanding of the 
economic benefits of the environment), responsibility, and knowledge skills are signifi-
cantly improved, which is consistent with existing research (Yu & Kong, 2022).

From Table  6, the 95% confidence interval for the mediation effect of environmental 
literacy does not include 0 (Boot CILL = 0.035, Boot CIUL = 0.094), indicating that the 
mediation effect is significant and the value of the mediation effect is 0.065. The mediation 
effect share is 0.065/0.202 = 32.18%, i.e., the mediation effect of environmental literacy 

Table 6  Decomposition of total, 
direct, and mediation effects

The bias-corrected nonparametric percentile Bootstrap method with 
5000 replications is used.

Paths Effect value Boot 
standard 
error

95% Confidence interval

Boot CILL Boot CIUL

Total effect 0.202 0.043 0.119 0.286
Direct effect 0.138 0.043 0.053 0.222
Mediation effect 0.065 0.015 0.035 0.094
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accounts for 32.18% of the total effect of social learning on farmers’ GCT adoption level. 
This shows that social learning not only has a direct effect on the level, but can indirectly 
influence it through enhancing farmers’ environmental literacy.

4.3  Moderation effect of market conditions on the process of environmental 
literacy affecting farmers’ GCT adoption level

To examine the differences in the moderation effects across different market conditions, 
we employed Model 14 in the Process program to examine the moderated mediation 
effects. Bootstrap automatically divides the moderator variables into low, medium, and 
high groups according to the mean, mean plus one standard deviation, and mean minus 
one standard deviation (Jia & Lu, 2018). According to the evaluation methods provided 
by existing studies (Jia & Lu, 2018; Yan & Zheng, 2020), if the coefficients of the media-
tion effects of the three groups are both significant and insignificant, it indicates that the 
mediation effects differ significantly among the different subgroups; then, the moderation 
effect can be determined to be significant. However,1 if the significance and sign of the 
mediating coefficients of three subgroups are the same for all three groups, the coefficient 
variance rate of mediation effect should be calculated and the significance of moderation 
effect should be judged by a t-test. The formula for calculating the coefficient variance rate 
(Altman & Bland, 2003) is as follows:

where Ehigh and Elow represent the coefficient values of high and low subgroups under the 
mediation effect, respectively, and SE2

high
 and SE2

low
 represent the standard errors corre-

sponding to the coefficients, respectively.
From Table  7, the Bootstrap 95% confidence intervals all contain 0 values when 

access to production materials and ease of sales are in the low subgroup (M-1SD), 
indicating that the mediation effect of environmental literacy is not significant in the 
low subgroup. Conversely, when access to production materials and ease of sales were 
in the mean and high subgroup (M and M+1SD), neither of Bootstrap 95% confidence 
intervals included 0 values, indicating that the mediation effect of environmental lit-
eracy is significant. According to the evaluation criteria cited above, the moderation 
effects of access to production materials and ease of sales are significant. Furthermore, 
the coefficient variance rate of the mediation effect of environmental literacy is signifi-
cant at the 10% level under varying levels of price stability, and the coefficient of the 
mediation effect increased with increasing price stability, indicating a significant posi-
tive moderation effect of price stability on environmental literacy. However, the coef-
ficient variance rate of information access fails the significance test, which shows that 
its moderation effect was not significant. Nevertheless, the conditional mediation effect 
alone might not be sufficient to determine whether the moderated mediation effect is 
significant (Sang et al., 2021). Therefore, Table 8 also presents the determination index 
(Index) of the moderated mediation effect. From the results, the 95% confidence inter-
vals for the three market environments, except for information access, did not include 0 
values. Therefore, the above findings are valid and hypothesis H3 is partially validated. 
Further simple slope analysis of the moderation effect was plotted according to Aiken 
and West (1991) (see Figs. 3, 4, and 5). From Figs. 3, 4, and 5, the slopes of access 
to production materials, ease of sales, and price stability were greater under the high 

(9)Z =
(

Ehigh − Elow

)

∕
√

SE2
high

+ SE2
low
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subgroup than under the low subgroup, and the effect of environmental literacy on 
the level of GCT adoption was stronger. This demonstrates that these market factors 
positively moderate the effect of environmental literacy on the level of adoption, which 
further validates H3. As an explanation, when the supply of green production materials 
is greater and more accessible, this is conducive to providing sufficient material secu-
rity for farmers with high environmental literacy to participate in green production, 

Table 8  Moderated mediation effects

Moderator variables Index Boot standard 
error

95% confidence interval

Boot CILL Boot CIUL

Production materials access 0.030 0.010 0.012 0.050
Information access 0.008 0.009 − 0.010 0.027
Ease of sales 0.028 0.010 0.011 0.049
Price stability 0.022 0.008 0.007 0.039

Fig. 3  Moderation effect of 
production materials
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Fig. 4  Moderation effect of ease 
of sales
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allowing them to enjoy convenient agricultural services at lower costs, which is similar 
to Li et al (2021). Viewed from the economic rationality perspective, better sales pros-
pects and stable prices create good market conditions for farmers to adopt GCT, and 
their incentives to adopt GCT will be significantly increased due to the pursuit of profit 
maximization (Yu et al., 2021). Regarding information access, even if farmers can eas-
ily access information, their weak ability to distinguish truth from falsehood and effec-
tively utilize the information may hinder their adoption of GCT (Ding et al., 2021).

5  Conclusion and policy recommendations

Using cross-sectional survey data covering 608 citrus farm households in Sichuan prov-
ince, China, this study employed IV-Oprobit and Bootstrap methods to investigate the 
mechanisms by which social learning influences farmers’ GCT adoption level. The follow-
ing conclusions were obtained. Firstly, in terms of the number of CGT adopted, the overall 
level of GCT adoption in the sample area was low, with the average number of farmers 
adopting only 2.8 out of seven techniques, and 5.59% of farmers not adopting even one 
GCT. Farmers adopted specific GCT unevenly among the four classification techniques; for 
example, in ecological control, 82.40% of farmers used disease-resistant varieties, but only 
16.12% used grass mulching. Secondly, we found social learning can help farmers better 
adopt green control techniques, and it deserves attention. We further found that when social 
learning increased by 1 unit, the probability of farmers “adopting many GCT” increased 
by 6.692%. Thirdly, environmental literacy plays a significantly positive mediating role in 
the process of social learning affecting farmers’ GCT adoption level. The mediation effect 
share is 32.18%, demonstrating that social learning can have an indirect effect on GCT 
adoption level through environmental literacy, although this is much lower than the direct 
effect of 68.32%. Finally, access to green production materials, ease of selling produce, and 
price stability can positively moderate the relationship between environmental literacy and 
GCT adoption, but information access does not do so. Furthermore, risk appetite, distance, 
citrus annual income, planting years, village topography, and governments’ incentives and 
guidance all had significant effects on GCT adoption levels. Therefore, in future GCT pro-
motion, the combined effect of these three factors should be considered. While encourag-
ing farmers to participate in social learning, their intrinsic environmental literacy should 
also be improved. On this basis, creating an essential and supportable market environment 

Fig. 5  Moderation effect of price 
stability
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will accelerate the realization of adoption behavior. In future studies on the relationship 
between social learning and GCT, we will further expand the sample area, increase the 
sample size, and use panel data as much as possible to obtain more interesting findings.

This study puts forward three policy recommendations. Firstly, expand and improve 
farmers’ social learning channels and capacity. GCT training should be actively carried 
out by the government to help farmers solve technical and cognitive issues they face in 
adopting GCT. Meanwhile, a “Model Household” system has been established to encour-
age households to adopt GCT by targeting neighborhood social and learning characteris-
tics, combined with green production subsidies. It will be important to improve technical 
services. Farmers should be encouraged to understand and learn about GCT from techni-
cians and should be presented with the multiple benefits of GCT through multiple learning 
methods such as field observation, visualization, and hands-on experience to correct farm-
ers’ cognitive bias.

Secondly, improve farmers’ environmental literacy, by making full use of the different 
channels to reinforce the knowledge, role, and significance of environmental issues and 
human obligations. Ensuring that farmers have mastered CGT methods can optimize farm-
ers’ subjective perceptions regarding environmental interests and ethics.

Finally, improve the market environment. It is important to establish and upgrade the 
green agricultural market, improve farmers’ access to green production materials, broaden 
sales channels and improve the sales system, and address macro-level factors to stabilize 
the market price of green agricultural products.
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