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Abstract: Green control techniques (GCT) are an important supporting technology to ensure sus-
tainable agricultural development. To advance the adoption of GCT, it is crucial to understand the
intention of farmers to adopt GCT and its related determinants. However, current research is mostly
limited to using a single theoretical model to explore farmers’ intentions to adopt GCT, which is not
conducive to revealing the determinants of farmers’ intentions to adopt GCT. To address this gap, this
study integrates the Theory of Planned Behavior (TPB), the Technology Acceptance Model (TAM),
the Innovation Diffusion Theory (IDT), and the Motivational Model (MM) based on research data
from 362 rice farmers in Heshan District, Yiyang City, Hunan Province, and uses partial least squares
structural equation modeling (PLS-SEM) to empirically test and compare the above models. The
model comparison results prove that the TPB (R2 = 0.818, Q2 = 0.705), TAM (R2 = 0.649, Q2 = 0.559),
IDT (R2 = 0.782, Q2 = 0.674), and MM (R2 = 0.678, Q2 = 0.584) models all have explanatory power
and predictive validity in the context of green control techniques. However, the integrated model
(R2 = 0.843, Q2 = 0.725) is found to be superior to these individual theoretical models because it has
larger values of R2, Q2, and smaller values of Asymptotically Efficient, Asymptotically Consistent,
and provides a multifaceted understanding for identifying the factors influencing adoption intentions.
The results of the path analysis show that attitude, perceived behavioral control, perceived usefulness,
subjective norm, and visibility significantly and positively influence adoption intentions in both the
single and integrated models and are determinants of farmers’ intentions to adopt GCT.

Keywords: behavior intention; Theory of Planned Behavior (TPB); Technology Acceptance Model
(TAM); Innovation Diffusion Theory (IDT); Motivational Model (MM)

1. Introduction

The vicious cycle of the excessive application of chemical pesticides and pest resistance
has produced negative outcomes such as reduced biodiversity, water pollution, and harm
to human health [1–3], hindering the sustainable development of agriculture. As a major
pesticide production and use country, China has long been in a state of chemical pesticide
over-application. According to the relevant data, in the past 10 years, China’s annual
application of chemical pesticides reached a maximum of 1.877 million tons (the data come
from the National Bureau of Statistics of China, https://data.stats.gov.cn/easyquery.htm?
cn=C01&zb=A0D0C&sj=2022, accessed on 1 July 2023), and an average utilization rate of
only 39.8%, far below the world advanced level of 50% to 60% [4]. To solve the problem of
excessive dependence on chemical pesticides in crop pest control, China has implemented
the development and application of green control techniques (GCT) since 2006. Green
control techniques refer to sustainable plant protection methods that integrate ecological
control, biological control, physical control, and other environmentally friendly measures
by which to control crop pests and diseases. One such technique is the Chinese practice of
Integrated Pest Management (IPM) [5]. As of 2021, China’s GCT application coverage rate
was estimated at 46% (the data come from the China Agricultural Technology Extension
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Service Center Pest Control Office’s 2021 crop pest control profile and 2022 priorities’ theme
report, http://www.jsppa.com.cn/news/zhibao/6060.html, accessed on 12 November
2022). However, the promotion of GCT is not smooth, and there are significant challenges
in further diffusion [6–9]. Because of the importance of GCT for sustainable agricultural
development, this issue has attracted scholarly interest. The influencing factors of farmers’
adoption of GCT is a research focus, which is the need to understand farmers’ behavior
and the need for the agricultural sector to design GCT promotion policies.

In the recent literature, many studies have focused on the adoption of climate smart
and green energy technologies for agricultural sustainability [10–14]. Similarly, most of
the literature on farmers’ adoption of sustainable pest and disease control technology
explained farmers’ behavior from the perspective of economic benefits. Some studies
have suggested that the willingness of farmers to adopt sustainable pest and disease
control technology depended on the financial performance of the technology compared to
conventional chemical control methods [6,15–17], but other studies did not support this
conclusion [18–20]. The adoption of sustainable pest and disease control technology, as
a high-cost pro-environmental behavior [21], depends on the complex decision-making
process, but the economic model seems to have a weakness that cannot fully explain
the complexity of pro-environmental behavior decision-making [22]. Therefore, more
and more scholars have suggested using behavioral science theory as a guide to truly
understand farmers’ behavior in a clear framework [23]. Since the intention is a reliable
antecedent for explaining and predicting behavior, some scholars have used the Theory
of Planned Behavior (TPB) [24–26], the Technology Acceptance Model (TAM) [27–29], the
Innovation Diffusion Theory (IDT) [27,28], or the Motivational Model (MM) [30] to study
farmers’ adoption of sustainable pest and disease control technology, and the results show
that these competitive theoretical models have certain explanatory power to elucidate
farmers’ intentions. However, studies using the same theoretical model have contradictory
conclusions. For example, Despotovic et al. [24] used TPB to construct the formation
mechanism of the IPM adoption intentions of Serbian farmers and found that attitude
was the most important factor driving farmers to form adoption intentions. Lou et al. [26]
also used TPB to study the GCT adoption behavior of Chinese tea farmers but found
that there was no correlation between attitude and adoption intentions. In addition,
based on the view that the integrated theoretical model can better understand behavior
than a single theory [31], some studies have constructed an integrated model to explore
farmers’ intentions. For example, Sharifzadeh et al. [27] established a TAM-IDT integrated
model and found that the integrated model explained 78% of the variance change in
farmers’ intentions to adopt biological control technology. Rezaei et al. [28] embedded
social influence, self-efficacy, and visibility and compatibility structures in IDT into TAM to
explore farmers’ adoption of IPM, resulting in significantly improved explanatory power
and robustness. However, few studies have integrated more than three theoretical models
to understand farmers’ intentions. In summary, although the existing literature provides
knowledge for understanding farmers’ intentions to adopt GCT, it does not compare and
analyze the main competition models and lacks an integrated model based on multiple
theories to identify the determinants of farmers’ intentions.

The purpose of this study was to evaluate and integrate multiple well-founded theo-
ries, namely TPB, TAM, IDT, and MM, to form a comprehensive picture of GCT adoption
intentions. We not only examined the impact of a single theory and integrated model
on farmers’ intentions to adopt GCT, but also used a multi-model comparison method
to empirically test farmers’ intentions. This study mainly addressed two key questions:
(1) In the context of GCT, which theoretical models effectively explain farmers’ intentions
to adopt GCT? (2) What are the factors determining farmers’ intentions to adopt GCT in the
integrated model? Compared with the existing literature, the contributions of this paper
were as follows: (1) The effectiveness of TPB, TAM, IDT, and MM models in the context
of GCT was compared by using PLS-SEM technology, which expanded the application of
these four theories in the field of agricultural technology adoption. (2) The integrated model
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reflects a comprehensive picture of farmers’ intentions to adopt GCT, confirms that the
integrated model has higher explanatory power, and reveals the determinants of farmers’
intentions. (3) Based on these results, researchers can focus on the established construct of
the integrated model of farmers’ intentions to adopt GCT and explore the antecedents in
specific situations.

2. Theoretical Background and Hypotheses
2.1. Theory of Planned Behavior

Among the many theoretical models of understanding behavior, the Theory of Planned
Behavior proposed by Ajzen [32] is widely used [33], which is derived from the Theory
of Reasoned Action [34]. The theory holds that intention is the antecedent condition of
behavior, and intentions are driven by attitude, subjective norms, and perceived behavioral
control. Previous studies have shown that TPB is powerful in explaining farmers’ conserva-
tion of soil [35], safe use of fertilizers [36], adoption of straw incorporation techniques [37],
adoption of Best Management Practices [38], and conservation of water resources [39].

Attitude refers to the individual’s positive or negative evaluation of the results of their
specific behavior [32]. Generally speaking, the stronger the attitude of the farmers, the
stronger their intentions to implement the behavior. In this study, attitude is defined as
farmers’ positive or negative evaluation of the consequences of adopting GCT. The results
of most studies also support the view that attitude is an important predictor of adoption
intentions [24,25,29,40,41]. For example, Despotovic et al. [24] showed that attitude is the
most important driving factor affecting the intentions of Serbian farmers to adopt IPM.
Rezaei et al. [25] studied the formation mechanism of Iranian farmers’ intentions to adopt
IPM, and the results showed that attitude had a significant positive impact on intentions to
adopt IPM. Accordingly, we assume:

H1. Attitude positively affects farmers’ intentions to adopt GCT.

A subjective norm refers to the perceived pressure from the surrounding social system
when an individual makes a decision, reflecting how the individual’s intentions are influ-
enced by the expectations of other groups [32]. This study defines a subjective norm as
farmers’ perception of the pressure of surrounding social systems (such as family members,
neighborhood friends, government departments, partners, etc.) on their adoption of GCT.
Lou et al. [26] studied the adoption behavior of GCT by Chinese tea farmers and found
that the subjective norm was the influencing factor of adoption intentions. Damalas [42]
pointed out that the subjective norm is a factor affecting farmers’ safe pesticide application
behavior. This article proposes the hypothesis:

H2. The subjective norm positively affects farmers’ intentions to adopt GCT.

Perceived behavioral control refers to the individual’s perception of the factors that
promote or hinder the implementation of a particular behavior [32], reflecting the indi-
vidual’s subjective perception of the ability to perform the behavior. This perception
mainly depends on farmers’ cognition of their own time, energy, knowledge, skills, and
funds [25,27]. Generally speaking, the more resources and opportunities an individual
thinks he/she has to perform a behavior, the smaller the anticipatory barrier is, the stronger
his/her perceived behavioral control is, and the stronger his/her intentions to perform
the behavior are. In this study, perceived behavioral control refers to farmers’ subjective
perception of the ability to adopt GCT. The study by Lou et al. [26] showed that perceived
behavioral control had a positive impact on tea farmers’ intentions to adopt GCT. Bagheri
et al. [43] studied the integrated crop management (ICM) adoption behavior of Iranian
farmers and found that perceived behavioral control had a positive effect on both adoption
intentions and behavior. Based on this information, this article proposes the hypothesis:

H3. Perceived behavioral control positively affects farmers’ intentions to adopt GCT.
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2.2. Theory Technology Acceptance Model

In information technology adoption behavior, Davis [44] proposed two core concepts
of perceived usefulness and perceived ease of use based on the Theory of Reasoned Action,
the Theory of Planned Behavior, the Expectation Theory, and the Self-Efficacy Theory as
the decisive factors affecting intentions and behavior. Among them, perceived usefulness
directly affects intentions and is itself affected by perceived ease of use. Since its inception,
TAM has been widely used in the study of individual technology adoption behavior [45].

Perceived usefulness is defined as the degree to which an individual perceives the
use of a particular system to improve job performance [44]. Gefen and Straub [46] em-
phasized that perceived usefulness is an individual’s perception of technical efficiency
and effectiveness, which is a task-oriented response. In this study, perceived usefulness is
defined as the extent to which rice farmers perceive the usefulness of GCT. Abdollahzadeh
et al. [47] pointed out that perceived usefulness is an important factor in promoting farmers’
adoption of biological control technology. A study by Michels et al. [48] on the adoption of
plant protection drones by German farmers found that perceived usefulness was the most
important driver of adoption intentions. On this basis, we propose:

H4. Perceived usefulness positively affects farmers’ intentions to adopt GCT.

Perceived ease of use is defined as an individual’s effortless perception of using a
particular system [44]. This study defines perceived ease of use as farmers’ effortless
perception of adopting GCT. Many studies have shown that perceived ease of use has a
significant role in promoting perceived usefulness and adoption intentions [49,50]. For
example, Gao et al. [51] studied the adoption behavior of GCT in Chinese family farms and
found that perceived ease of use significantly positively impacted adoption intentions. The
research of Michels et al. [48] proved that perceived ease of use has a significant positive
impact on perceived usefulness and adoption intentions. Based on the above information,
this article proposes the following hypotheses:

H5. Perceived ease of use positively affects farmers’ intentions to adopt GCT.

H6. Perceived ease of use positively affects perceived usefulness.

2.3. Innovation Diffusion Theory

Innovation Diffusion Theory was proposed by Rogers [52], posits that innovation
is considered a new idea or object by individuals, and the process of its promotion in a
particular channel or a particular social system is called diffusion. Furthermore, this theory
proposes that the speed of innovation diffusion is affected by relative advantage, complexity,
compatibility, trialability, and visibility. However, Moore and Benbasat [53] proposed that
the essence of innovation diffusion is the accumulation of the individual adoption of
innovation. They held that the key to the speed of diffusion is not the characteristics of the
innovation itself, but depends on the individual’s perception of innovation characteristics.

Relative advantage refers to the degree to which individuals perceive an innovation
to be an improvement on the previous technology [53]; complexity is the degree to which
an innovation is considered difficult to use [53]. However, most scholars consider that
relative advantage and perceived usefulness, complexity and perceived ease of use are
conceptually equivalent; and that the core structure in TAM is essentially a subset of the
IDT model [27,28]. Following this idea, this study uses perceived usefulness to replace
relative advantage and perceived ease of use to replace complexity.

Compatibility refers to the degree to which users perceive that innovation matches
their values, needs, and past experience [47]. Generally speaking, users are more likely
to form a positive adoption intention for technologies with high compatibility [27,54,55].
This study defines compatibility as farmers’ perception of GCT as matching their val-
ues, pest and disease prevention needs, and previous prevention and control experience.
Sharifzadeh et al. [27] found that compatibility can significantly increase farmers’ inten-
tions to adopt biological control technology, and for each unit of increase in compatibility,
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the contribution to intention to adopt was 35%. On these bases, we propose the follow-
ing hypothesis:

H7. Compatibility positively affects farmers’ intentions to adopt GCT.

Trialability refers to the degree to which users perceive that innovation can be tried
and verified on a limited basis [53]. In general, technologies that can be easily tested by
users will be accepted more quickly than those that are difficult to test [56]. This study
defines trialability as farmers’ perception that GCT can be tested. The results of many
studies also support the positive impact of trialability on adoption intentions [54,57,58]. For
example, a survey conducted by Haji et al. [58] on Iranian sugar beet farmers found that
trialability can significantly increase farmers’ intentions to adopt drip irrigation technology.
Thus, this article expects:

H8. Trialability positively affects farmers’ intentions to adopt GCT.

Visibility refers to the degree to which users can observe the efficiency and effectiveness
of innovation transformation [53]. This study defines visibility as farmers’ observable
perception of the effect of adopting GCT. Venkatesh and Davis [59] emphasized that
potential adopters cannot recognize the technology if the transformation results of a new
technology cannot be directly well observed and users have difficulty attributing the
innovation results, even if the technology is efficient. Many studies have also shown
that visibility is an important factor affecting adoption intentions [54,60,61]. For example,
Peshin [60] studied the factors that drive Indian farmers’ adoption of IPM and found that
visibility is an important factor in predicting farmers’ adoption behavior. This study expects
that when farmers more easily observe the adoption effect of GCT, farmers are more likely
to form a positive intention:

H9. Visibility positively affects farmers’ intentions to adopt GCT.

2.4. Motivational Model

Motivation refers to a psychological tendency to stimulate and maintain an individ-
ual’s orientation to a specific goal, which is the dynamic source of human behavior [62].
Research on behavioral motivation has always been an enduring topic in psychology, such
as the Expectancy-Value Theory, the Self-determination Theory, the Attribution Theory, the
Goal Theory, and other motivation theories; all have discussed motivation from different
perspectives. Although there have been many motivation theories, these theories generally
agreed that motivation can be divided into intrinsic motivation and extrinsic motivation
from the source of formation, and both drive the formation of intentions [62]. Among
them, extrinsic motivation is caused by results other than behavior, such as improving job
performance, obtaining rewards, or avoiding punishment, which is driven by the reinforce-
ment value brought by behavioral results [63]. Davis et al. [64] proposed that perceived
usefulness explains the external utility value of adoption behavior well and was a key
driver of intentions; this study followed this idea and replaced perceived usefulness with
external motivation.

Intrinsic motivation is triggered by the characteristics of the behavior itself, which
mainly meet the individual’s endogenous mental needs [65]. Ryan and Deci [63] proposed
that such endogenous mental needs mainly include autonomy needs, ability needs, and
belonging needs, and that the stronger an individual perceives that a behavior satisfies
these three needs, the stronger the individual’s intrinsic motivation is for that behavior.
In this study, intrinsic motivation is defined as farmers’ perceptions of adopting GCT to
satisfy their endogenous mental needs. Abdollahzadeh et al. [66] showed that one of the
important motivations for farmers to adopt biological control technology was to satisfy
the belonging needs. Garini et al. [30] found that intrinsic motivation is an influencing
factor for Italian farmers to reduce the use of chemical herbicides. In addition, studies by
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Greiner and Gregg [67] and Jambo et al. [68] have also shown that intrinsic motivation is
an effective driving force for farmers to adopt sustainable agriculture. Thus, we assume:

H10. Intrinsic motivation positively affects farmers’ intentions to adopt GCT.

2.5. The Integrated Model

Based on the analysis above, we summarized all of the research hypotheses and
proposed the integrated model for farmers’ intentions analysis by integrating TPB, TAM,
IDT, and MM models (Figure 1).
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Figure 1. Theoretical model. Notes: ATT = Attitude; SN = Subjective norm; PBC = Perceived
behavioral control; PU = Perceived usefulness; PEOU = Perceived ease of use; CP = Compatibility;
TRI = Trialability; VIS = Visibility; IM = Intrinsic Motivation; AI = Adoption intentions.

3. Research Methods
3.1. Questionnaire Design

This study used a questionnaire survey to collect data. The questionnaire was divided
into two parts. The first part was based on TPB, TAM, IDT, and MM, and used thirty-five
indicators to measure the ten constructs of attitude, subjective norms, perceived behavioral
control, perceived usefulness, perceived ease of use, compatibility, visibility, trialability,
and adoption intentions. The second part was the social demographic characteristics of the
sample farmers. In order to ensure the reliability and validity of the scale, the indicators
were based on the mature scale of the existing literature, combined with the GCT scenario,
and based on the pre-survey. All of the indicators in the first part were measured using a
7-point Likert scale; the specific measurement indicators and their sources are shown in
Table 1.

Table 1. Construct and its indicators.

Construct Measurement Indicators Sources

ATT
Adopting GCT can result in economic benefits (ATT1).

Abadi [69]Adopting GCT can reduce environmental pollution (ATT2).
Adopting GCT can promote the sustainable development of agriculture (ATT3).
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Table 1. Cont.

Construct Measurement Indicators Sources

SN

My family wants to adopt GCT (SN1).

Lou et al. [26]
Neighbors and friends want my home to adopt GCT (SN2).
The local government wants my home to adopt GCT (SN3).

Partners want my home to adopt GCT (SN4).

PBC
My home has the knowledge and skills to properly handle problems of GCT (PBC1).

Rezaei et al. [25]My home can afford the cost of adopting GCT (PBC2).
My home has enough time and energy to adopt GCT (PBC3).

PU

GCT is better than the direct use of chemical pesticides (PU1).

Rezaei et al. [28]
Adopting GCT can improve my family’s health (PU2).

Adopting GCT can improve my home’s soil quality (PU3).
Adopting GCT can get a good reputation in the local community (PU4).

PEOU
For my home, GCT is easy to obtain (PEOU1).

Sharifzadeh et al.
[27]

For my home, GCT is easy to learn (PEOU2).
For my home, GCT is easy to operate (PEOU3).

CP

GCT is suitable for my home’s farmland (CP1).

Rezaei et al. [28]
Adopting GCT in line with my home experience and knowledge level (CP2).

Adopting GCT does not conflict with my home’s previous pest control practices (CP3).
GCT is the pest and disease control technology my family wants (CP4).

TRI

Before deciding whether to adopt GCT, my home has the opportunity to try it out (TRI1).
Moore and

Benbasat [53]
Before deciding whether to adopt GCT, my home can correctly try it (TRI2).

If I am not satisfied after trying GCT, there is no loss to my family if I give up using GCT in
the middle (TRI3).

Useful experience can be accumulated by trying GCT (TRI4).

VIS

Through the demonstration base, my home can intuitively find the benefits of adopting
GCT (VIS1). Sharifzadeh et al.

[27]Through media, my home can learn that GCT is a scientific chemical pesticide alternative
technology (VIS2).

Farmers around my home introduce GCT control effect is good (VIS3).

IM

Adopting GCT will be fun for me and my home (IM1).

Ataei et al. [41]
Adopting GCT will give me and my home a sense of achievement (IM2).

Adopting GCT can expand my home’s social circle and meet more like-minded
friends (IM3).

My home is interested in GCT (IM4).

AI
My home intends to adopt GCT (AI1).

Lou et al. [26]My home will recommend GCT to relatives and friends (AI2).
My home will continue to pay attention to GCT (AI3).

3.2. Data Collection

The data used in this paper came from our household survey of rice farmers in He-
shan District, Yiyang City, Hunan Province, China, from May to July 2022. The Heshan
District of Yiyang City is located in the Dongting Lake area, the main rice-producing area in
Hunan. The Heshan District government has vigorously built an integrated assembly and
application demonstration project for GCT of rice pests and diseases in recent years. This
was the first batch of demonstration counties for GCT in China. The survey area covered all
townships under the jurisdiction of the Heshan District, with a total of 12 townships. The
research method used stratified random sampling, with 1~3 villages randomly selected
from each township and 8~15 farmers randomly selected from each village for house-
hold interviews. A total of 386 questionnaires were distributed; 362 valid questionnaires
were obtained after excluding invalid questionnaires with missing key information and
inconsistent content, so the effective recovery rate was 94%.
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3.3. Data Analysis

This study used the partial least squares structural equation model (PLS-SEM) to
test the model and hypotheses. This method is an iterative estimation method combining
principal component analysis, canonical correlation analysis, and multiple regression. It
is mainly composed of a measurement model and a structural model. The measurement
model was used to analyze the relationship between measurement indicators and con-
structs, and the structural model was used to analyze the relationship between exogenous
constructs and endogenous constructs. Compared with the covariance-based structural
equation model (CB-SEM), PLS-SEM has the following advantages: (1) it is more suitable
for a small sample and non-normal distribution data; (2) it is more suitable for complex
structural models; in general, the average number of variables for CB-SEM was 4.70, for
PLS-SEM it was 7.94 [70], and for this study it was 10; (3) it is more suitable for exploratory
research. Considering the model complexity, sample size, and exploratory data, PLS-SEM
was more suitable for this study than CB-SEM.

Descriptive statistics were calculated using SPSS 27.0 statistical software. SmartPLS
Version 3 (PLS-SEM) was used to evaluate and compare each theoretical model and estimate
the ensemble model. Using PLS-SEM, the evaluation model was divided into two phases,
first evaluating the measurement model and then evaluating the structural model.

4. Results
4.1. Sample Characteristics

The socio-demographic characteristics of the respondents are shown in Table 2. (1) In
terms of age distribution, farmers aged 51–60 and above accounted for 65.4% of the sample,
while those aged 30 and below accounted for only 1.9%, which reflected the serious aging of
rice farmers in the current rural society. (2) In terms of education level, secondary accounted
for 39.5% and primary school and below accounted for 29.8%, indicating that the majority
of farmers were not highly educated. (3) In terms of the number of years of rice cultivation,
55.0% of the farmers had been cultivating rice for more than 15 years, indicating that most
farmers had more experience in cultivation. (4) In terms of family annual net income, 31.5%
of the farmers had a family annual net income of 10,000 CNY or less, and 28.5% had a
family annual net income of 10–50,000 CNY, indicating that most of the farmers had a low
family annual net income. (5) In terms of gender, 65.2% of the farmers (household heads)
interviewed were male and 34.8% were female, which indicated that men still occupied the
main decision-making power in current rural agricultural production. (6) In terms of the
rice cultivation area, 66.0% of the farmers’ rice cultivation area was 50 Mu or less, indicating
that small-scale rice production still occupied the main position at present. (7) In addition,
28.7% of the farmers visited had village cadres in their family members. (8) In terms of the
organizational model, 29.8% of the farmers interviewed had joined cooperatives, and 10.9%
had joined rice production bases of agricultural enterprises. (9) In terms of the number
of family workers, the average was 2.71. During the research, it was also found that the
current phenomenon of rural labor outflow was more serious, and the families that grew
rice were mainly elderly couples.

Table 2. Social Demographic Characteristics of Farmers.

Variable Category Percent %/Mean Variable Category Percent %/Mean

Age

≤30 years 1.9%

Education

Primary school and
below 29.8%

31~40 years 10.9% Secondary 39.5%
41~50 years 22.1% High school 26.5%
51~60 years 40.3% Junior college 3.3%
≥61 years 25.1% College and above 0.8%
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Table 2. Cont.

Variable Category Percent %/Mean Variable Category Percent %/Mean

Years of rice cultivation

<3 years 0.6%

Family annual
net income

<1 ten thousand CNY 31.5%
3~5 years 3.6% 1~5 ten thousand CNY 28.5%

6~10 years 26.8% 5~10 ten thousand
CNY 15.7%

11~15 years 14.1% 10~15 ten thousand
CNY 4.1%

>15 years 55.0% >15 ten thousand CNY 20.2%

Gender
Male 65.2% Rice planting

area
≤50 Mu 66.0%

Female 34.8% >50 Mu 34.0%

Have family members
served as village cadres

Yes 28.7% Join a
cooperative

Yes 29.8%
No 71.3% No 70.2%

Joined the rice production
base of agricultural

enterprises

Yes 10.8% Number of
family workers — 2.7(mean)

No 89.2%

Notes: Mu is the Chinese version of acre, 1 Mu = 666.7 square meters.

4.2. Measurement Model

The measurement model assessment mainly included reliability and validity analysis.
As shown in Table 3, the factor loading values of all indicators were greater than 0.7 (range:
0.759~0.966), higher than the acceptable threshold of 0.7, and p < 0.001, indicating that the
measurement indicators had good reliability [71]. Moreover, the reliability of the measure-
ment indicators was robust because the Cronbach’s alpha (CA) and Composite Reliability
(CR) of all constructs were greater than 0.8, exceeding the recommended threshold of
0.7 [72]. The average variance extracted (AVE) of each construct ranged from 0.736 to
0.893, which was greater than the threshold of 0.5 [72], indicating good convergent validity.
According to the Fornell-Larcker standard [73], the square roots of AVEs of all constructs
were larger than the correlation coefficients between constructs, indicating that the con-
structs were unique and different in terms of measurement content (Table 4). Adopting the
Fornell-Larcker criterion may have overestimated the discriminant validity of constructs.
Henseler et al. [74] proposed a more rigorous Heterotrait-Monotrait Ratio (HTMT) criterion.
As shown in Table 5, the HTMT values of each construct were less than 0.9, indicating that
the discriminant validity was good.

Table 3. The reliability of the construct.

Construct Indicators Factor Loading CA CR AVE p Mean ± SD

ATT
ATT1 0.886

0.905 0.940 0.840
0.000 3.196 ± 2.310

ATT2 0.938 0.000 4.171 ± 1.832
ATT3 0.924 0.000 4.315 ± 1.894

SN

SN1 0.936

0.930 0.951 0.828

0.000 3.577 ± 1.904
SN2 0.893 0.000 3.572 ± 1.517
SN3 0.868 0.000 4.246 ± 1.796
SN4 0.940 0.000 3.395 ± 2.222

PBC
PBC1 0.946

0.938 0.961 0.890
0.000 3.329 ± 2.210

PBC2 0.956 0.000 3.323 ± 2.328
PBC3 0.928 0.000 3.718 ± 2.193
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Table 3. Cont.

Construct Indicators Factor Loading CA CR AVE p Mean ± SD

PU

PU1 0.914

0.913 0.940 0.797

0.000 3.539 ± 2.189
PU2 0.945 0.000 4.130 ± 1.980
PU3 0.940 0.000 4.058 ± 1.888
PU4 0.759 0.000 3.727 ± 1.951

PEOU
PEOU1 0.912

0.938 0.960 0.889
0.000 4.287 ± 2.060

PEOU2 0.966 0.000 4.820 ± 1.791
PEOU3 0.950 0.000 4.942 ± 1.867

CP

CP1 0.907

0.933 0.953 0.834

0.000 3.680 ± 1.869
CP2 0.944 0.000 3.503 ± 1.778
CP3 0.895 0.000 4.130 ± 1.792
CP4 0.906 0.000 3.724 ± 1.924

TRI

TRI1 0.833

0.880 0.918 0.736

0.000 2.624 ± 1.860
TRI2 0.899 0.000 3.080 ± 1.671
TRI3 0.871 0.000 3.478 ± 1.850
TRI4 0.827 0.000 4.030 ± 1.778

VIS
VIS1 0.945

0.940 0.962 0.893
0.000 4.169 ± 1.970

VIS2 0.948 0.000 4.122 ± 2.060
VIS3 0.943 0.000 3.552 ± 2.034

IM

IM1 0.938

0.947 0.962 0.863

0.000 2.646 ± 1.577
IM2 0.946 0.000 2.608 ± 1.652
IM3 0.909 0.000 2.959 ± 1.747
IM4 0.922 0.000 3.011 ± 1.908

AI
AI1 0.951

0.928 0.954 0.874
0.000 3.497 ± 2.319

AI2 0.954 0.000 3.478 ± 1.927
AI3 0.899 0.000 3.873 ± 1.943

Table 4. AVE and correlation coefficient between variables.

AI ATT CP IM PBC PEOU PU SN TRI VIS

AI 0.935
ATT 0.793 0.916
CP 0.806 0.753 0.913
IM 0.716 0.601 0.773 0.929

PBC 0.744 0.567 0.668 0.637 0.944
PEOU 0.600 0.427 0.577 0.531 0.709 0.943

PU 0.731 0.733 0.647 0.547 0.508 0.399 0.893
SN 0.789 0.600 0.75 0.711 0.659 0.589 0.587 0.910
TRI 0.376 0.266 0.392 0.385 0.519 0.501 0.201 0.285 0.858
VIS 0.776 0.683 0.676 0.633 0.638 0.512 0.709 0.668 0.251 0.945

Notes: The diagonal of the matrix is the square root of AVE, and the correlation coefficient is below the diagonal.

Table 5. Heterotrait-Monotrait Ratio.

AI ATT CP IM PBC PEOU PU SN TRI

ATT 0.849
CP 0.862 0.807
IM 0.76 0.633 0.821

PBC 0.795 0.592 0.714 0.676
PEOU 0.639 0.444 0.617 0.563 0.754

PU 0.787 0.789 0.698 0.589 0.545 0.432
SN 0.837 0.628 0.799 0.754 0.7 0.628 0.628
TRI 0.411 0.276 0.428 0.417 0.568 0.553 0.217 0.315
VIS 0.827 0.728 0.721 0.669 0.679 0.544 0.76 0.707 0.274
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4.3. Structural Model
4.3.1. Single Model

The assessment results of the TPB, TAM, IDT, and MM models are shown in Figure 2.
These four models explained 81.8%, 64.9%, 78.2%, and 67.8% of the variance changes in
intentions, respectively, and all showed a good explanatory power for farmers’ intentions
to adopt GCT. Except for the trialability in IDT, the path coefficients of all models were
statistically significant. Specifically, in TPB, attitude (β = 0.427, p < 0.001), subjective
norm (β = 0.357, p < 0.001), and perceived behavioral control (β = 0.266, p < 0.001) had
positive effects on adoption intentions. In TAM, both perceived usefulness (β = 0.586,
p < 0.001) and perceived ease of use (β = 0.366, p < 0.001) positively affected intentions,
and the positive effect of perceived ease of use on perceived usefulness was also verified
(β = 0.399, p < 0.001). In IDT, perceived usefulness (β = 0.227, p < 0.001), perceived ease
of use (β = 0.120, p < 0.01), compatibility (β = 0.375, p < 0.001), and visibility (β = 0.287,
p < 0.001) also positively affected intentions. However, the positive impact of trialability
(β = 0.052, p = 0.067) on adoption intentions did not pass the significance test. In MM,
perceived usefulness (β = 0.486, p < 0.001) and intrinsic motivation (β = 0.450, p < 0.001)
positively affected intentions.
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Figure 2. Path coefficient results of TPB, TAM, IDT, and MM. Notes: ** means p < 0.01,
*** means p < 0.001; R2 ≥ 0.75 indicates higher explanatory power, 0.5 ≤ R2 < 0.75 indicates moderate
explanatory power, and 0.25 ≤ R2 < 0.5 indicates weaker explanatory power.

4.3.2. Integrated Model

The integrated model explained 84.3% of the variance in adoption intentions (Figure 3).
Attitude (β = 0.260, p < 0.001), subjective norm (β = 0.245, p < 0.001), perceived behavioral
control (β = 0.179, p < 0.001), perceived usefulness (β = 0.119, p < 0.01), and visibility
(β = 0.142, p < 0.01) positively affected adoption intentions, supporting H1, H2, H3, H4,
and H9. The influence of intrinsic motivation (β = 0.024, p = 0.474), compatibility (β = 0.094,
p = 0.056), trialability (β = 0.032, p = 0.162), and perceived ease of use (β = 0.014, p = 0.716)
on adoption intentions did not pass the significance test and did not support H5, H7,
and H8. The positive effect of perceived ease of use on perceived usefulness (β = 0.399,
p < 0.001) was supported by hypothesis H6.
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4.4. Model Comparison

To avoid paying too much attention to the model’s R2 and ignoring the problem of
model overfitting [75], that is, the model’s overfitting of the information in the sample data
results in a poor fit of the model results to other samples, this study further compared the
Q2 values for each model. Q2 is regarded as the prediction ability of the model outside
the sample. Generally speaking, when Q2 ≥ 0.5, it shows that the prediction correlation
of the model is strong; 0.25 ≤ Q2 < 0.5, the model has a moderate predictive correlation;
0 < Q2 < 0.25, the predictive correlation of the model is small [71]. In addition, Sharma
et al. [76] argued that when comparing a set of competing models, the Model Selection
Criteria can balance the simplicity and complexity of the model at the same time, which is
more accurate than R2 and Q2, so this study reported the model selection criteria for each
theoretical model. Model selection criteria mainly compared Asymptotically Efficient and
Asymptotically Consistent between models. Asymptotically Efficient measures the relative
distance between alternative models and real models, generally including AIC, AICc,
and AICu; Asymptotically Consistent provides an estimate of the posterior probability
of a model being true, generally including BIC, HQ, and HQc. When comparing a set of
competitive models, it is generally accepted that the smaller the value of these criteria, the
closer the model is to the real model. Table 6 summarizes the model comparison results
of TPB, TAM, IDT, MM, and the integrated model. From Table 6, it can be seen that R2,
Q2, and model selection criteria all show that the integrated model was significantly better
than TPB, TAM, IDT, and MM.
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Table 6. Comparison of TPB, TAM, IDT, MM, and the integrated model.

Model TPB TAM IDT MM Integrated Model

R2 0.818 0.649 0.782 0.678 0.843
Q2 0.705 0.559 0.674 0.584 0.725

Asymptotically
Efficient

AIC −610.422 −373.811 −540.982 −405.782 −651.925
AICu −606.400 −370.798 −534.932 −402.769 −641.785
AICc −246.253 −9.699 −176.666 −41.67 −287.171

Asymptotically
Consistent

BIC −594.855 −362.136 −517.632 −394.107 −613.009
HQ −604.234 −369.169 −531.7 −401.141 −636.455
HQc −603.995 −369.02 −531.219 −400.992 −635.239

5. Discussion

In the previous section, this study validated the effectiveness of each single and inte-
grated model in GCT scenarios using PLS-SEM and compared the single and integrated
models in various aspects. This provided strong evidence to reveal whether the integrated
model was superior to the single model. Furthermore, by comparing the differences in the
significance test results of the influencing factors between the single model and the inte-
grated model, the key influencing factors of intentions to adopt GCT were further revealed.

Based on the comparison of R2, Q2, and model selection criteria, the integrated model
was better than a single model in understanding farmers’ intentions in the context of GCT.
In terms of explanatory power, TPB (R2 = 0.818) and IDT (R2 = 0.782) showed strong
explanatory power, MM (R2 = 0.678) and TAM (R2 = 0.649) showed moderate explanatory
power, and the integrated model (R2 = 0.843) was superior to any single model. In terms
of predictive power, the integrated model (Q2 = 0.725), TPB (Q2 = 0.705), IDT (Q2 = 0.674),
MM (Q2 = 0.584), and TAM (Q2 = 0.559) all had high predictive correlation. Comparing
the Asymptotically Efficient and Asymptotically Consistent of each models, it was also
found that the integrated model performed best in this group of competitive models. It is
worth noting that in the context of GCT, the comparison of the three standards revealed the
following order: integrated model > TPB > IDT > MM > TAM. Sharifzadeh et al. [27] and
Rezaei et al. [28] also held this view; that is, compared with a single competitive theory,
the integrated model provided a more comprehensive insights for explaining or predicting
behavioral intentions.

According to the test results of the single model and integrated model, attitude, sub-
jective norm, perceived behavioral control, perceived usefulness, and visibility all have
positive effects on adoption intentions, but the positive influence of trialability on adoption
intentions did not pass the significance test both. Attitude has the greatest impact on
farmers’ intentions to adopt GCT, which is consistent with the research of Asante et al. [77]
and Despotovic et al. [24], indicating that the higher the farmers’ recognition of the conse-
quences of the adoption of GCT, the stronger their intentions to adopt. Subjective norm
is the second major factor affecting adoption intentions, which is consistent with the re-
search of Damalas [42] and Savari et al. [78]. Since the current adoption of GCT is still a
government-led activity, the government provides skills training and subsidies to farmers
through joint cooperatives or agricultural enterprises. Therefore, when farmers decide
whether to adopt it, they will take into account the views of government departments
and partners in addition to the suggestions of family and neighboring friends. Perceived
behavioral control has a positive impact on farmers’ adoption intentions, and studies by
Rezaei ea al. [25], Lou et al. [26], and Savari et al. [78] support this conclusion. Farmers’
perceived behavioral control over the adoption of GCT mainly depends on their percep-
tion of resources, such as knowledge and skills, time and energy, and technical payment
capabilities [25], which means that when farmers lack the perception of these resources,
they will likely reduce their intentions to adopt GCT. Visibility is another determinant
of farmers’ intentions to adopt GCT, which means the importance of the demonstration
base or demonstration farm construction [28]. Perceived usefulness also positively affects
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farmers’ adoption intentions, consistent with the research of Sharifzadeh et al. [27], Michels
et al. [48], and Gong et al. [79]. This suggests that when farmers have a stronger percep-
tion of the advantages of GCT in improving soil, the control effect, human health, and
reputation, their adoption intentions are increased. For trialability, it may be that farmers
with a stronger intention to adopt at present generally directly benefit from demonstration
projects, and the government directly establishes demonstration bases on their farmland,
resulting in less experimental experience, so the positive effect of trialability on intention is
not exerted.

Although compatibility, intrinsic motivation, and perceived ease of use in a single
model positively affected intention, the impact of these factors on intentions in the inte-
grated model was not statistically significant. This is inconsistent with other studies in
which compatibility [27,54,55,80], intrinsic motivation [67,68,81], and perceived ease of
use [48,51,82] were important factors affecting adoption intentions. The possible reason
is that small-scale retail farmers are currently the majority in the sample area, and the
production motivation of such farmers is mainly to meet subsistence needs and to obtain
more money, and their demand for mental needs is not high when their material needs
are not satisfied. This also supports the research of Bopp et al. [83], that farmers with low
levels of intrinsic motivation are more sensitive to external incentives, so compatibility and
intrinsic motivation are not determinants in the GCT scenario. For perceived ease of use,
the current results were consistent with the research of Bagheri, Bondori et al. [29]. This
shows that in the early stage of technology diffusion, perceived ease of use may be a direct
factor affecting adoption intentions, but with the disappearance of farmers’ unfamiliarity
with GCT, the positive impact of the perceived ease of use on the adoption intentions is
gradually weakened. At this time, the driving force of farmers’ adoption of technology is
mainly the recognition of the effect of technology [84]. On the other hand, the differences
between the results of single and integrated models also suggest that certain independent
variables, while passing significance tests in single models, may dissipate their effects on
the dependent variable in integrated models due to competition from more independent
variables. It is implied that integrated models have an advantage over single models in
identifying key influencing factors.

6. Conclusions and Implications

To resolve the contradiction between intensive agriculture represented by the excessive
use of chemical pesticides and environmental protection, and to realize the sustainable
development of agriculture, countries around the world are encouraging farmers to adopt
sustainable plant protection measures. Based on the sample data of 362 rice farmers in the
Heshan District, this study used PLS-SEM to compare and integrate TPB, TAM, IDT, and
MM. It was found that these four competitive theories had good explanatory power for
farmers’ intentions to adopt GCT and provided a unique perspective on the identification
of influencing factors of intentions to adopt. The integrated model integrated the views
of TPB, TAM, IDT, and MM models, provided multi-faceted insights for understanding
farmers’ intentions to adopt GCT, improved the understanding of farmers’ behavior, and
identified attitudes, perceived behavioral control, perceived usefulness, subjective norms,
and visibility were the determinants of farmers’ intentions to adopt GCT.

This article has some implications for the agricultural sector to design GCT promotion
policies. First of all, attitude is crucial for farmers to adopt GCT. As GCT has environmental
and social benefits, local governments could directly provide ecological compensation
to adopters. On the other hand, the government can provide certification subsidies for
farmers to participate in green or organic rice certification, and provide a guarantee for
the price premium of rice produced by adopting green prevention and control technology,
which helps farmers to form a positive attitude towards the adoption of GCT. Secondly, the
local agricultural sector can strengthen the construction of GCT demonstration bases and
demonstration farmers, and enhance the publicity of the prevention and control effect of
GCT, so as to enhance the visibility and perceived usefulness of GCT to farmers, and achieve
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the purpose of improving farmers’ intentions to adopt it. Third, the local agricultural sector
can encourage farmers to establish cooperative organizations or establish cooperative
partnerships with enterprises, using cooperative relationships to promote the subjective
norm of farmers, thereby enhancing their intentions to adopt GCT. At the same time,
they can carry out multi-channel GCT training for farmers. For example, in collaboration
with grassroots agricultural extension stations, farmers’ professional cooperatives, and
agricultural enterprises, farmers can be trained in GCT by issuing technical guidance
manuals, on-site technical guidance, and seminars to solve technical problems and improve
farmers’ perceived behavioral control.

Although TPB, TAM, IDT, MM, and integrated models provide some insights into the
research on farmers’ intentions to adopt GCT, this research still has limitations. First, since
the data of this study were collected from rice farmers in Heshan District, the spillover of
conclusions may be limited; further research can broaden the research area and sample
farmers. At the same time, the data of this study are cross-sectional data, and future
research can focus on the consistency of intention and behavior as well as the persistence
and withdrawal of behavior. Third, integrating the four competitive theories may not be
enough to fully explain farmers’ intentions to adopt GCT, future research can also embed
other competitive theories according to specific backgrounds and objectives to establish an
integrated model that more fully explains farmers’ intentions.
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