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Background:Mechanization and modernization of agricultural development are

conducive to the stability of food production and promote increased production

and income of food and agriculture. Shandong Province continues to promote

pesticide e�ciency and reduction in food crop pest control, and plant protection

unmanned aerial vehicles (UAVs) have been vigorously promoted and used.

However, the application of plant protection UAVs by grain farmers in Shandong

Province is uneven, and the use has not achieved the desired e�ect.

Methods: To study the technology acceptance behavior of plant protection

UAVs, this study expands the technology acceptance model (TAM) and

constructs a comprehensive theoretical model to explore the factors influencing

technology acceptance behavior of plant UAVs among grain farmers.

Results: It was found that the more innovative, comfortable, and easier to use

the plant protection UAVs was, the more useful the technology was perceived

by the farmers, and the more likely the farmers would accept and use the plant

protection UAVs. The better the farmers’ attitude evaluation of plant protection

UAVs, the greater the intention to use the plant protection UAVs, and the more

likely it is to produce actual use behavior.

KEYWORDS

technology acceptance model, technology readiness, plant protection UAVs, use

behavior, agriculture, structural equation model, grain farmers

1 Introduction

The Central Documents of the past years have emphasized the development of

agricultural modernization and mechanization, and the No. 1 Central Document for 2022

emphasized the strengthening of the research, development, and promotion of agricultural

equipment, such as high-end intelligent and small machinery. Shandong Province also

attaches importance to the plant protection UAV application in farmland plant protection

operations and vigorously promotes it. The plant protection UAV application is in line

with the development of precision agriculture and technology agriculture and has become

one of the links of “smart agriculture,” which provides guarantee for modern agriculture

and food production, and is conducive to promoting yield of food and income of farmers.

The cost of plant protection operations in grain fields can be effectively reduced by using

plant protection UAVs, which can save manpower and material resources, improve the

efficiency of plant protection in grain fields, and ensure the safety of farmers in plant

protection operations. The acceptance behavior of the new technology of plant protection

UAVs in agriculture production and the attitude of farmers toward it are worth studying.

Therefore, based on the technology readiness theory and technology acceptance model,
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this study investigated and clarified farmers’ acceptance behavior of

using plant protection UAVs, addressed the problems in use, and

put forward advice to promote the use of plant protection UAVs by

farmers. The study also proposed implications to the promotion of

plant protection UAVs and its use by farmers and at the enterprise

and governmental levels.

2 Literature review and theoretical
basis

This section reviewed the relevant research literature, especially

the relevant concepts and theoretical foundations based on the

literature analysis, to lay the foundation for research design

and formulate research hypotheses. The research in this section

focuses on the analysis related to farmers’ behavior in accepting

new agricultural technologies and their understanding of new

agricultural technologies.

2.1 Influencing factors on farmers’
technology acceptance behavior

Extant literature indicates that individual characteristics,

technology-related individual determinants, and external

environmental factors constitute the primary determinants of

farmers’ technology adoption behavior.

2.1.1 Individual characteristics
Farmers’ acceptance behavior of plant protection UAVs is

influenced by the individual characteristic of farmers. Murari

et al. (2017) pointed out that farmers’ group membership and

off-farm employment limit the agricultural technology diffusion.

Huang et al. (2020) analyzed the influence of aging and off-

farm employment status on farmers’ acceptance behavior of soil

and water conservation technologies in the Loess Plateau and

suggested that aging and off-farm employment status hinder

farmers’ acceptance of those technologies. Mudemba et al. (2020)

suggested that factors such as age, social network, and employment

status affect farmers’ perceptions and that non-farm employment

status has a positive effect on farmers’ use behavior of agricultural

technologies. The analysis of related literature shows that farmers’

acceptance of plant protection UAVs is influenced by their

individual characteristic and whether they are full-time farmers.

This study attempts to extend technology acceptance model (TAM)

by adding non-farm employment status as a variable to the model

and to further explore farmers’ acceptance behavior on plant

protection UAVs.

2.1.2 Technology-related individual determinants
Farmers’ technology adoption decisions are modulated by the

source, intensity, and structure of their psychological cognition

toward technologies (Sui and Gao, 2023). Huang et al. (2019)

demonstrated that farmers’ technological perception and perceived

value positively influence adoption behavior. The greater the value

an agricultural technology provides to farmers, the higher their

perceived usefulness of the technology, and the more likely they

are to perceive its utility. Moreover, the easier an agricultural

technology is to learn, access, or operate, the more likely farmers

are to adopt it (Gai et al., 2019).

Scholars have also investigated factors influencing farmers’

technology adoption behaviors through behavioral attitudes,

perceived behavioral control, and subjective norms toward

technologies (Zhang et al., 2020). In-depth research based on the

theory of planned behavior (TPB) reveals that farmers’ cognition,

attitudes, and subjective norms directly affect their behavioral

intention to use technologies (Zhou et al., 2024).

2.1.3 External environmental factors
External environmental factors influence farmers’ adoption of

agricultural technologies through information acquisition channels

(Ren and Guo, 2023). Lwoga et al. (2010) observed that farmers

exhibit adoption behaviors after obtaining technical information

via interpersonal referrals (e.g., relatives and friends) or media

publicity. Prokopy et al. (2008) argue that farmers’ decisions to

adopt agricultural technologies are dynamic in nature, influenced

by their social network relationships with other farmers. Within

social networks, interactions among farmers enable mutual

learning and mastery of diverse agricultural technologies, thereby

triggering adoption behaviors (Yang, 2018).

With the development of the Internet, new media, and

smartphones, farmers’ channels for accessing agricultural technical

information have diversified (Iraba, 2011). Studies indicate that

in Nasarawa State, primary sources of agricultural technical

information are agricultural extension agents and agro-input

dealers (Salau et al., 2013), and the extent of technology promotion

directly affects adoption behaviors (Ataei et al., 2021; Zhou et al.,

2020).

Beyond these factors, operational scales, government macro-

policies, fiscal subsidies, and farmers’ off-farm employment

environments also significantly influence farmers’ agricultural

technology use behaviors (Huang et al., 2016; Jiang et al., 2024; Yang

et al., 2025).

2.2 Technology readiness theory

The concept of technical training was proposed by

Parasuraman (2000). Technology maturity reflects the trend

of new technology introduction and is an effective means to

judge whether consumers have innovative spirits and behaviors

or not. Meuter et al. (2003) reported that technology readiness

(TR) indicates the situation in which consumers incline or intend

to use innovative technologies for the first time. Hofmann et al.

(2020) in their study of agricultural nanotechnology concluded

that technology readiness influences the behavior of technology

consumers toward the use of agricultural technology. In this study,

technology acceptance was extended into the TAM as an external

variable of the TAM to study grain farmers’ behavior of using plant

protection UAVs.
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2.3 Technology acceptance model (TAM)

Many studies show that TAM is a stable analysis model,

covering region, time, race, and technology (Lee et al.,

2011). TAMs have been applied to business travel (Lembcke

et al., 2021) in recent years, smart education (Wang, 2021),

and so forth. This study also innovatively extended the

technology acceptance model based on theoretical analysis

by incorporating technology acceptance and non-farm

employment status as personal characteristics of grain

farmers as two extension variables to extend the technology

acceptance model.

3 Research design

3.1 Model construction and research
hypothesis

Technology acceptance model is highly scalable and can

incorporate other variables to enhance the explanatory and

predictive power of the TAM in different contexts. Perceived ease

of use and usefulness are the fundamental determinants of users’

acceptance of technology, which not only have an impact on the

attitudes and behavioral intentions of grain farmers to use plant

protection UAVs but also ultimately affect usage behavior. In this

study, an extended structural model was constructed based on

the TAM with the addition of non-farm employment status and

technology readiness to explore farmers’ technology acceptance

behavior of plant protection UAVs. The model was constructed

based on rational behavior theory, technology readiness theory,

and TAM, and the model consisted of non-farm employment

status (NFES), technology readiness (TR), perceived ease of use

(PEOU), perceived usefulness (PU), attitude (ATT) antecedent

variables, and intention to use (BI) and use behavior (UB)

explanatory variables. The model was constructed as shown in

Figure 1.

The research model in Figure 1 integrates the perspectives

of technology acceptance theory and technology readiness

theory to form a theoretical research model framework for

the acceptance behavior of plant protection UAVs by grain

farmers. From the cognitive-behavioral theory, it is clear that

the application of plant protection UAVs by grain farmers

depends on the personal characteristics of grain farmers

(Guo and Lu, 2018). Based on cognitive behavior theory, we

believe that the non-farm employment status of farmers will

affect their perception of plant protection UAVs. When the

non-farm employment status of farmers is good to achieve

higher quality employment, they will choose to reduce their

costs. As a result, they prefer agricultural machinery and

agricultural technology to reduce various costs and save labor

when they are engaged in food growing. In view of the above,

this study concludes that the acceptance behavior of plant

protection UAVs by farmers is influenced by their non-farm

employment status. Currently, the non-farm employment

status of farmers in Shandong Province is relatively good,

and the basic condition of grain fields is also favorable to

the promotion of plant protection UAVs. Therefore, this

study extends the non-farm employment status into the

TAM to study the influence of non-farm employment status

on the acceptance behavior of plant protection UAVs of

farmers and proposes the following research hypotheses (see

Table 1):

• H1: NFES of grain farmers has a positive impact on TR of

acceptance of plant protection UAVs.

• H2: NFES of grain farmers has a positive impact on PEOU of

plant protection UAVs.

• H3:NFES of grain farmers has a positive impact on PU of plant

protection UAVs.

• Influenced by the technical characteristics of plant protection

UAVs, when designing the TR model, we retained innovation

and discomfort as representatives of positive mentality

and negative mentality, respectively. Research shows that

when a new technology is released, its adoption is greatly

affected by individual differences among consumers, including

psychological factors (Yen, 2005). Therefore, hypotheses 4 and

5 are proposed:

• H4: There is a positive effect of TR of grain farmers on PEOU

of plant protection UAVs.

• H5: There is a positive effect of TR of grain farmers on PU of

plant protection UAVs.

• Bagozzi et al. (2001) reported that when measuring behavior

attitude (ATT), we should not only pay attention to the

instrumental components of behavioral ATT, such as useful

or harmful and valuable or worthless, but also ignore the

emotional components of like or dislike and pleasure or pain.

Gallardo and Sauer (2018) analyzed the influencing factors

of the adoption of new agricultural technologies and found

that the PU and PEOU both significantly and positively affect

farmers’ willingness to adopt new technologies. The following

hypotheses were formulated in the combined analysis:

• H6: There is a positive effect of PEOU of plant protection

UAVs on PU of grain farmers.

• H7: There is a positive effect of PEOU of plant protection

UAVs on the ATT of plant protection UAVs of grain farmers.

• H8: There is a positive effect of PU of plant protection UAVs

on the ATT of plant protection UAVs of grain farmers.

The individual’s ATT on behavior refers to the value

judgment of behavior occurrence, which directly affects the

behavior intention. Ladhari (2009) pointed out that technical

quality and functional quality have an impact on behavioral

intention (BI). Fanchang et al. (2021) verified applicability

of the TAM in new technology adoption, which leads to

hypothesis 9:

• H9: There is a positive impact of ATT of plant protection

UAVs by grain farmers on their BI of plant protection

UAVs adoption.

The study of technology adoption behavior found that user’s

intention to use is the biggest influencing factor (Rym et al., 2015).

Therefore, research hypothesis 10 was formulated:
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FIGURE 1

Research model.

• H10: There is a positive influence of grain farmers’ BI on their

acceptance of plant protection UAVs for UB.

Table 1 summarizes the research hypotheses in the design of

the theoretical framework of the model. Table 2 summarizes the

hypothesis, and the literature backs them up.

3.2 Questionnaire design and data sources

To meet the requirements of content validity, this study

reviewed the relevant literature and took several steps to select the

items to be included in the questionnaire. First, the researchers

translate the selected items in the literature into Chinese. To

ensure accuracy, a panel consists of two professors, three food

and agriculture workers, and two system designers who are very

familiar with plant protection UAV services assisted in reviewing

the appropriateness of the Chinese questionnaire translated from

the original English plant protection documents. NFES mainly

occurs through the personal characteristics of farmers to establish a

relationship with the use of the plant protection UAVs. Five-point

Likert scale was used to make analysis, ranging from 5 (“highly

consistent”) to 1 (“highly inconsistent”). This study took innovation

and discomfort as the pre-factors of TR, and the impact of TR on

PU and PEOU was tested. By modifying the questionnaire, PU can

be used to analyze the user situation of plant protection UAVs to

improve the ATT of use. UB mainly refers to the research on the

use intention of the respondents to use new technology by Yong

(2021). In this study, it has been modified and applied to the study

of grain farmers’ use behavior of plant protection UAVs. Table 3

defines these structures and items measured by the questionnaire.

The data of this study were obtained from the field survey.

A pretest of the questionnaires was conducted in the previous

period. A total of 400 questionnaires were distributed, and 379

questionnaires were returned, with a recovery rate of 94.75%, of

which 358 were valid, with an effective rate of 94.46%. Reliability

analysis was conducted on the model variables, and the reliability of

NFES, TR, PEOU, PU, ATT, BI, and UB was 0.94, 0.910, 0.93, 0.92,

0.93, and 0.94, respectively, which means the questionnaires passed

TABLE 1 Research hypotheses.

Hypothesis Path direction

H1: NFES of food and agriculture farmers has a positive

impact on the TR of acceptance of plant protection

drone application technology by food and agriculture

farmers.

NFES→ TR

H2: NFES of food and agriculture farmers has a positive

impact on the PEOU of plant protection drone

application technology for food and agriculture

farmers.

NFES→ PEOU

H3: NFES of food and agriculture farmers has a positive

impact on the PU of plant protection drone application

technology for food and agriculture farmers.

NFES→ PU

H4: TR of food and agriculture farmers on the PEOU of

plant protection drone application technology for food

and agriculture.

TR→ PEOU

H5: There is a positive effect of TR of food and

agriculture farmers on the PU of plant protection drone

application technology for food and agriculture

farmers.

TR→ PU

H6: There is a positive impact of PEOU on plant

protection drone application technology in food and

agriculture on its PU.

PEOU→ PU

H7: There is a positive effect of PEOU of food and

agriculture farmers on their ATT of plant protection

drone application technology acceptance behavior.

PEOU→ ATT

H8: There is a positive effect of PU of plant protection

drone application technology on the acceptance

behavior of ATT of their plant protection drone

application technology by food and agriculture.

PU→ ATT

H9: ATT of farmers on plant protection drone

application technology has a positive impact on their BI

of plant protection drone application technology

adoption.

ATT→ BI

H10: Positive impact of farmers’ BI on plant protection

drone application technology on their acceptance of

plant protection drone application technology in UB.

BI→ UB

the reliability test. Based on the pre-test, the data were collected

from July to September in 2021. More than 220 students, including

undergraduate and graduate students, from Shandong Agricultural
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TABLE 2 Hypotheses literature.

Hypothesis Supporting literature

H1: NFES of grain farmers has a positive impact on TR of acceptance of plant protection

UAVs.

Abebaw and Haile, 2013; Adisa and Balogun, 2013; Buehren et al., 2019;

Maertens and Barrett, 2013; Murari et al., 2017; Gallardo and Sauer, 2018

H2: NFES of grain farmers has a positive impact on PEOU of plant protection UAVs. Abebaw and Haile, 2013; Adisa and Balogun, 2013; Ji and Zhong, 2013; Guo

and Lu, 2018; Murari et al., 2017

H3: NFES of grain farmers has a positive impact on PU of plant protection UAVs. Abebaw and Haile, 2013; Adisa and Balogun, 2013; Buehren et al., 2019;

Maertens and Barrett, 2013; Gallardo and Sauer, 2018

H4: There is a positive effect of TR of grain farmers on PEOU of plant protection UAVs. Parasuraman, 2000; Yen, 2005; Westjohn et al., 2009; Lembcke et al., 2021;

Hofmann et al., 2020

H5: There is a positive effect of TR of grain farmers on PU of plant protection UAVs. Parasuraman, 2000; Yen, 2005; Westjohn et al., 2009; Lembcke et al., 2021;

Hofmann et al., 2020

H6: There is a positive effect of PEOU of plant protection UAVs on PU of grain farmers. Gallardo and Sauer, 2018; Chiuet al., 2009; Davis, 1989; Kim et al., 2008; Lee

et al., 2011

H7: The PEOU of plant protection UAVs has a positive effect on the ATT of plant

protection UAVs.

Ajzen, 1991; Chiuet al., 2009; Davis, 1989; Lee et al., 2011; Liu et al., 2009

H8: There is a positive effect of PU of plant protection UAVs on the ATT of plant

protection UAVs by grain farmers.

Bagozzi et al., 2001; Ajzen, 1991; Davis, 1989; Gallardo and Sauer, 2018

H9: There is a positive impact of ATT of plant protection UAVs by grain farmers on their

BI of plant protection UAVs adoption.

Ladhari, 2009; Richard and Ben, 2009; Rym et al., 2015; Cheng et al., 2006

H10: There is a positive influence of grain farmers’ BI on their acceptance of plant

protection UAVs for UB.

Kok and Siero, 1985; Folkes et al., 1987; Rym et al., 2015; Ajzen, 1991

University conducted a survey on the grain farmers’ adoption

behavior of plant protection UAVs in 16 cities in Shandong

Province in 2021. The survey distributed 2200 questionnaires

and 1,866 questionnaires were returned, with a recovery rate of

84.81%, of which 1,558 questionnaires were valid, with an efficiency

rate of 83.5%. Table 3 reports the items in the structure of the

research model.

4 Methods

The technology acceptance model (TAM) exhibits strong

applicability. Most domestic scholars have introduced it into the

agricultural domain to analyze farmers’ behaviors in adopting

agricultural technologies.

First, this model has been employed to investigate farmers’

behaviors in using Internet information services. Cui (2014)

analyzed farmers’ utilization of agricultural websites based

on this theory and posited that the principles of functional

usability and information utility should be adhered to

in the construction of agricultural websites. Wen and

Sun (2014) conducted research on farmers with different

endowments regarding their adoption of information service

technologies. The study revealed that perceived usability,

trialability, and cost have a more substantial impact on

farmers with lower endowments. In contrast, variables such as

perceived utility, subjective norms, and network externalities

have no significant differential impact on farmers with

varying endowments.

Second, the TAM has been utilized to explore farmers’

behaviors in adopting new agricultural technologies. Zheng

et al. (2018) carried out research on farmers’ cognition and

adoption of plant protection drone technology grounded in the

TAM. They concluded that the scale of agricultural land is

the most significant factor constraining farmers’ adoption of

plant protection drone technology, and agricultural production

cooperative organizations play a crucial role in the promotion

of plant protection drones. Gallardo and Sauer (2018) extended

and adjusted the TAM to study farmers’ behaviors in using

water-saving irrigation technologies. The findings indicated that

perceived utility and perceived usability impose internal constraints

on farmers’ technological cognition, while technological utility

and subjective norms have a positive influence on farmers’

behaviors in adopting new agricultural technologies. Chen et al.

(2020) constructed a multi-objective utility function for farmers

to analyze the impact of farmers’ cognition on their adoption

of ecological agriculture models. Zhang et al. (2021) found

that perceived usability, perceived utility, and environmental

responsibility awareness have a notable impact on farmers’

behaviors. Moreover, perceived usability and perceived utility act

as mediators in external variables such as social influence and

result demonstration.

Drawing on the above research experiences, this study,

building upon previous studies, takes the TAM as the foundation

and incorporates external variables to expand the model. The

aim is to study the adoption behaviors of grain farmers in

Shandong Province regarding the use of plant protection drone

technology for pesticide application. Through the method of

empirical testing and analysis using structural equation modeling,

this study clarifies the logical relationships of the influencing

variables in the adoption behaviors of grain farmers regarding

plant protection drone technology for pesticide application. This

not only addresses the limitations of existing research but also

provides corresponding recommendations to facilitate the better
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TABLE 3 Items used to measure research constructs.

NFES

Definition: NFES refers to farmers’ working income, working environment,

personal development prospect, and job satisfaction.

NFESQ1 Occupational and Work Safety: employment status, wage

income, social protection, workers’ rights

NFES2 Career and Skill Development: job requirements, training

status, learning organization, career development

NFES3 Health and Welfare: health status, risk exposure, welfare

guarantee

NFES4 Harmony between Work and Life: degree of harmony

between work and life, social infrastructure where

employment is located

NFES5 Employment Satisfaction: satisfaction with occupational and

work safety, health and welfare, career and skill

development, work and life harmony

TR-innovation

Definition: farmers who are more innovative are more likely to feel the

advantages of plant protection UAVs

INN1 I enjoy the challenge of applying plant protection UAVs.

INN2 I know the latest plant protection UAVs technology better

than my friends do.

INN3 I can understand the latest development of plant protection

UAVs technology.

TR-Discomfort

Definition: farmers with higher discomfort scores are often confused about

plant protection UAVs.

DIS1 I prefer to buy and use plant protection UAVs with basic

functions rather than those with many additional functions.

DIS2 I should be cautious when operating with plant protection

UAVs, because mistakes could be made during operation.

DIS3 When others see that I make mistakes in using plant

protection UAV, I am very embarrassed.

PU

Definition: whether farmers reported that plant protection UAVs improve

operation efficiency or choice behavior.

PU1 Using plant protection UAV can improve my work efficiency.

PU2 Using plant protection UAV can reduce my cost.

PU3 Using plant protection UAV, I can be more helpful to my

work.

PEOU

Definition: the degree to which farmers think plant protection UAVs are easy to

use.

PEOU1 I often feel sad when using plant protection UAV.

PEOU2 Plant protection UAVs are often inflexible.

PEOU3 The use of plant protection UAVs will spiral out of control.

ATT

Definition: farmers’ love or dislike for the use of plant protection UAVs.

ATT1 Plant protection UAV is a good helper.

ATT2 I like using plant protection UAVs very much.

ATT3 Using plant protection UAV can obviously improve work

efficiency.

(Continued)

TABLE 3 (Continued)

BI

Definition: the subjective tendency of farmers to conduct plant protection UAV

behavior.

INT1 I will advise others to use plant protection UAVs.

INT2 If the function of plant protection UAVs is upgraded, I will

actively update the equipment.

INT3 I will actively pay attention to the relevant information of

plant protection UAVs.

UB

Definition: farmers choose to use plant protection UAVs.

UB1 I will continue to use (including rent) plant protection UAVs.

UB2 I will expand the use of plant protection UAVs.

UB3 When the cultivated land area is expanded to a certain

extent, I will consider buying plant protection UAVs.

promotion and application of plant protection drone technology

for pesticide application.

Structural equation modeling emerged in the 1960s and is

known as one of the three major developments in statistics recently.

Due to the continuous enhancement of computing power, it has

been widely applied in the field of social science research. It

consists of three matrix equations. The expression is as follows:

η = Bη + Ŵξ + ζ (1)

y = 3yη + ε (2)

x = 3xξ + δ (3)

In Equations 1–3, η is an endogenous latent variable,

referring to the pesticide application behavior of VAVs

for agricultural and plant protection; ξ is an exogenous

latent variable that refers to non-agricultural employment

status, technical readiness, perceived ease of use, perceived

usefulness, attitude antecedent variables, and intention to

use (BI) and usage behavior. The structure of the model is

shown in Figure 1. ζ is the random error term of the structural

equation, reflecting the part of η that cannot be explained

in equation (1); B is the coefficient matrix of endogenous

latent variables, describing the mutual influence between

endogenous latent variables η ; Ŵ is the coefficient matrix

of the exogenous latent variable, describing the impact of

exogenous latent variable ξ on endogenous latent variable η

; yis an endogenous observation variable, which reflects the

pesticide application behavior indicators of agricultural plant

protection drones;xis an exogenous observational variable that

reflects the state of non-agricultural employment, technological

readiness, perceived ease of use, perceived usefulness, attitude

antecedent variables, and indicators of intention to use and

use behavior;3yis a coefficient matrix composed of the

factor loads of yon η ; 3x is a coefficient matrix composed

of the factor loads of x on ; ε and δ are measurement

error vectors for endogenous and exogenous observation

variables, respectively.
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5 Analysis of data and results

5.1 Descriptive statistical analysis

The descriptive statistical analysis can clarify the basic

sampling data distribution related to the distribution of the

sample corresponding to the sample and facilitate a preliminary

understanding of the sample characteristics. The sample was

surveyed by grain farmers, including full-time and part-time

farmers. A total of 1,558 valid questionnaires have been collected

in this survey, among which the topographical landscape of the

interviewees’ location was dominated by plains, accounting for

72.3% of the total sample size, and the dominance of plains

landscape was more favorable to the promotion of plant protection

UAVs and increased the acceptance behavior of grain farmers

toward it; 881 (56.55%) interviewees were male, and 677 (43.45%)

were female. About age, 3.27% of the respondents were ≤20 years

old, 40.63%were between 21 and 30 years old, 16.17%were between

31 and 40 years old, 23.88% were between 41 and 50 years old,

and 16.05% were older than 51 years old; in terms of marital

status, 65.73% of the respondents were married, and 34.27% were

unmarried. In terms of education level, 39.67% of the respondents

were educated at junior high school level or below, 21.95% were

at senior high school level, 30.17% were at college level, and 8.22%

were at undergraduate level or above. The distribution of education

level shows that most of the farmers are not highly educated.

Hair et al. (2010) put up that a sufficient number of samples are

required for estimation by maximum likelihood (e.g., a minimum

of 100 samples is the most conservative requirement). If the

scale of samples was small, it could lead to failure or improper

structural equation modeling results. In this study, the number of

samples collected was adequate and met the sample requirements

for structural equation modeling analysis.

5.2 Measurement and model analysis

To ensure the robustness of the data and the validity of

the model, several statistical techniques were applied. First, the

reliability of the constructs was tested using Cronbach’s alpha

and composite reliability (CR) as these indicators can verify

the internal consistency of the measurement items. Second,

confirmatory factor analysis (CFA) was conducted to evaluate

convergent and discriminant validity, which is necessary before

structural model testing. Structural equation modeling (SEM) is

particularly suitable for questionnaire-based research with complex

theoretical frameworks such as the extended TAM applied in this

study. Accordingly, in this study, factor loading was calculated,

and a value exceeding 0.5 was used as the evaluation standard. If

a measured factor load fails to reach this value, the measurement

is not representative and is therefore deleted. Otherwise, it will

be retained. In this study, the measurement model is used

to verify the factor load of various measurements. The load

factor of construction measures should exceed 0.5 and then

to be retained. The recommended value should exceed 0.7 for

comprehensive reliability (Nunnally, 1978). The results of this

study show that the comprehensive reliability of each structure

TABLE 4 Reliability and convergent validity.

Construct Items Factor loading CR Average

Non-farm

employment

status

NFES1 0.89 0.95 0.77

NFES 2 0.89

NFES 3 0.89

NFES 4 0.86

NFES 5 0.87

Technological

readiness

Innovation 0.72 0.73 0.58

Discomfort 0.8

Perceived

usefulness

PEOU1 0.92 0.93 0.82

PEOU2 0.93

PEOU3 0.86

Perceived ease of

use

PU1 0.84 0.93 0.82

PU2 0.92

PU3 0.93

Attitude ATT1 0.89 0.94 0.83

ATT2 0.92

ATT3 0.92

Behavior

intention

BI1 0.92 0.93 0.82

BI2 0.85

BI3 0.94

Use behavior BI1 0.90 0.93 0.82

BI2 0.88

BI3 0.93

NFES, non-farm employment status; TR, technical readiness; PEOU, perceived ease of use;

PU, perceived usefulness; ATT, attitude; BI, behavior intention; UB, use behavior.

reaches 0.7, indicating that these structures have the required

reliability (Table 4). Furthermore, the construct measurement in

this study has been modified for use based on domestic and

foreign research. The measurements used meet the content validity

standard. Therefore, this study has content validity. In addition, it is

also necessary to make the factor load of indicators in the structure

statistically significant, the structural reliability exceeds 0.7, the

average variance (AVE) extracted from each structure exceeds 0.5,

and the research model exhibited convergent validity (Fornell and

Larcker, 1981).

The constructs of NFES, TR, PU, PEOU, ATT, BI, and behavior

comply with the convergent validity conditions put forth by

Fornell and Larcker (1981) (Table 4). Thus, these results support

convergent validity for each construct.

These tests are consistent with the procedures of confirmatory

factor analysis, which ensure themeasurementmodel achieves both

reliability and validity before testing the structural relationships.

Discriminant validity refers to the differences between the

two structures in the research framework. The discriminant

validity test of the two constructs reveals the unrestricted

mode and restricted mode’s difference (χ2). When the χ2

value is >3.84 (p-value = 0.05), it indicates significant validity.

The restricted and unrestricted mode’s gaps, χ2, are far more
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TABLE 5 Discriminant validity of construct variables.

Unrestricted model = 1,514.94 (df = 188) Restricted model χ2 (df = 194) 1χ2

Hypothesized model Hypothesized model

(NFES, TR) 3,133.95 1,619.01∗∗∗

(NFES, PEOU) 6,272.60 4,757.66∗∗∗

(NFES, PU) 6,098.30 4,583.36∗∗∗

(NFES, ATT) 7,083.57 5,568.63∗∗∗

(NFES, BI) 6,941.55 5,426.61∗∗∗

(NFES, BI) 7,013.39 5,498.45∗∗∗

(TR, PEOU) 2,253.00 738.06∗∗∗

(TR, PU) 1,929.70 414.76∗∗∗

(TR, ATT) 7,083.57 5,568.63∗∗∗

(TR, BI) 2,015.42 500.48∗∗∗

(TR, BI) 2,051.94 537∗∗∗

(PEOU, PU) 4,094.15 2,579.21∗∗∗

(PEOU, ATT) 3,053.80 1,538.86∗∗∗

(PEOU, BI) 3,565.08 2,050.14∗∗∗

(PEOU, BI) 7,013.39 5,498.45∗∗∗

(PU, ATT) 3,054.98 1,540.04∗∗∗

(PU, BI) 4,075.56 2,560.62∗∗∗

(PU, BI) 4,012.42 2,497.48∗∗∗

(ATT, BI) 3,192.92 1,677.98∗∗∗

(ATT, BI) 2,950.00 1,435.06∗∗∗

(BI, UB) 2,101.09 586.15∗∗∗

NFES, non-farm employment status; TR, technical readiness; PU, perceived usefulness; PEOU, perceived ease of use; ATT, attitude; BI, behavior intention; UB, use behavior.
∗p-value < 0.05; ∗∗p-value < 0.01; ∗∗∗p-value < 0.001.

TABLE 6 Reliability and convergent validity.

Statistical check Goodness-of-fit criterion Measurement model Structural model Result

NFI >0.9 0.96 0.95 Good

RFI >0.9 0.95 0.94 Good

IFI >0.9 0.96 0.95 Good

TLI >0.9 0.95 0.95 Good

CFI >0.9 0.96 0.95 Good

PGFI >0.5 0.67 0.70 Good

PCFI >0.5 0.78 0.82 Good

PNFI >0.5 0.78 0.82 Good

RMR <0.08 0.02 0.04 Good

RMSEA <0.08 0.07 0.07 Good

NFI, normed fit index; IFI, relative fit index; IFI, incremental fit index; TLI, Tucker–Lewis index; PGFI, parsimonious goodness-of-fit index; PCFI, parsimonious comparative fit index; PNFI,

parsimonious normed fit index; RMR, root mean square residual; RMSEA, root mean square error of approximation.

than 3.84; therefore, the research has discriminant validity

(Table 5).

Next, this study evaluates the goodness of fit of the

structural model once the reliability and validity requirements

are met. According to the average measurement items’

value in each dimension in this study, the NFES scale

was summarized into two factors. This “unit-weighted

factor score” can perform better, as reflected by its higher

reliability and community, greater parsimony, and fewer

chances for residuals to be correlated or dual loadings
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TABLE 7 Testing results of hypotheses.

Hypothesis Standardized path
coe�cient

Result

H1 NFES→ TR 0.36∗∗∗ Supported

H2 NFES→ PEOU 0.07∗∗∗ Supported

H3 NFES→ PU 0.10∗∗∗ Supported

H4 TR→ PEOU 0.68∗∗ Supported

H5 TR→ PU 0.68∗∗∗ Supported

H6 PEOU→ PU 0.12∗∗ Supported

H7 PEOU→ ATT 0.47∗∗∗ Supported

H8 PU→ ATT 0.50∗∗∗ Supported

H9 ATT→ BI 0.83∗∗∗ Supported

H10 BI→ UB 0.91∗∗∗ Supported

NFES, non-farm employment status; TR, technological readiness; PEOU, perceived ease of

use; PU, perceived usefulness; ATT, attitude; BI, behavior intention; UB, use behavior.
∗p-value < 0.05; ∗∗p-value < 0.01; ∗∗∗p-value < 0.001.

to emerge. Nine fitness indicators were ultimately used

(Table 6).

5.3 Structural model analysis

SEM was then employed to test the hypothesized relationships.

Compared with traditional regression methods, SEM is more

appropriate for this study because it can simultaneously estimate

multiple relationships among latent variables, handle mediating

effects, and account for measurement errors. Those features

make SEM particularly suitable for analyzing the extended TAM

framework proposed in this research. After confirming the

adequacy of the measurement model, SEM with AMOS 26.0

was employed to test the hypothesized paths. The normed fit

index (NFI) is 0.95. The relative fit index (RFI) is 0.94. The

incremental fit index (IFI) is 0.95. The Tucker–Lewis index (TLI)

is 0.95, the CFI is 0.95, the parsimonious goodness-of-fit index

(PGFI) is 0.67, the parsimonious comparative fit index (PCFI)

is 0.78, the parsimonious normed fit index (PNFI) is 0.78, the

root mean square residual (RMR) is 0.04, and the root mean

square error of approximation (RMSEA) is 0.07 (Table 5). The

results from the structural model support this association for all

models. This study used structural equation modeling to test the

10 hypotheses. The hypothesized paths from NFES, TR, PU, PEOU,

ATT, BI, and UB were significant according to structural equation

modes (SEMs) for using plant protection UAVs (Table 7). Figure 2

shows that the results of hypothesis testing supported all the

hypothesized relationships.

5.4 Hypothesis testing

This research conducts the mediating effect test proposed by

Sobel (1982). To estimate/assess mediation effects, 10 equations

of indirect effects were employed (Table 8). Specifically, NFES-

TR-PEOU was used to examine the indirect effect of TR. NFES-

PEOU-ATT, TR-PEOU-ATT, and TR-PEOU-PU were used to test

the indirect effects of PEOU. TR-PU-ATT, PEOU-PU-ATT, and

NFES-PU-ATT were used to test the indirect effects of PU. PEOU-

ATT-BI and PU-ATT-BI were used to test the indirect effects of

ATT, and ATT-BI-UB was used to test the indirect effects of BI.

The test results indicate that the mediating path was significant

(p-value<0.05), according to the mediation effect (Table 8).

6 Discussion

As shown in the previous section, NFES and TR determined

the behavior of grain farmers using plant protection UAVs through

PEOU, PU, ATT, BI, and UB. This study also confirms the

exploratory, applied, and predictive nature of the proposed model

through structural equation modeling. According to the results,

this section discusses the academic contributions and management

implications and suggests future research directions and ideas.

First, BI positively influenced the UB (β = 0.91) of the use of

plant protection UAVs by grain farmers, with a total variance of

83% of the explanatory power. The use of plant protection UAVs

by grain farmers must have a strong BI, and it can be promoted

by increasing the BI of grain farmers toward the application

technology. How to improve the intention of using plant protection

UAVs is the key to the whole chain, which contributing to

improving agricultural production efficiency and saving a large

amount of labor, while protecting farmers’ health and promoting

the shift to non-agricultural industries.

Second, the effect of ATT on BI was significant and positive

(β = 0.83). The results suggest that the ATT of plant protection

UAVs can be changed by increasing the publicity of plant protection

UAVs, increasing the training of plant protection UAVs, increasing

the subsidies for the purchase of plant protection UAVs and their

application technology by grain farmers, and developing easy-to-

operate plant protection UAVs to increase the intention of grain

farmers to use it.

Third, there was a significant positive effect of PU on ATT (β

= 0.47). This indicates that the greater the value of the use of plant

protection UAVs, the more likely it is to change the attitude of grain

farmers toward it. Therefore, we should actively expand the use

value of plant protection UAVs.

Fourth, PEOU had a positive and significant effect on PU (β =

0.12) and a considerable effect on ATT (β = 0.50). This indicates

that the easier the plant protection UAVs is to use, the more the

grain farmers feel that the technology is useful to them and thus

develop a positive attitude toward the technology. In addition,

the test for mediating effects showed that PEOU had a significant

mediating effect on PU, ATT, BI, and UB through PU. Therefore,

to promote the use of plant protection UAVs by grain farmers,

the designers and developers of plant protection UAVs should try

to integrate different interfaces, such as smartphones and tablets,

rather than just using apps or adding voice services, to simplify the

use of technology system from the end-user’s perspective.

Fifth, the effect of TR on PEOU was positive and significant (β

= 0.68); the direct effect of TR on PU was also significant (β =

0.68). Therefore, TR is an important indicator to promote the use
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0.50***

0.91***
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(R2=0.66)

Perceived 

ease of use

(R2=0.51)

Technical 

readiness

(R2=0.13)
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(R2=0.69)

0.68***

FIGURE 2

Standardized solution of structural modeling analysis. NFES, employment quality; TR, technological readiness; PEOU, perceived ease of use; PU,

perceived usefulness; ATT, attitude; BI, behavior intention; UB, use behavior. *p-value < 0.05; **p-value < 0.01; ***p-value < 0.001.

TABLE 8 Mediation e�ect analysis.

Constructs of measurement Employment
of constructs

Unstandardized
regression weight

SD Sobel
test

Aroian
test

Goodman
test

NFES-TR-PEOU NFES -TR 0.36 0.02 12.36∗∗∗ 12.35∗∗∗ 12.37∗∗∗

TR- PEOU 0.68 0.04

NFES-PEOU-ATT NFES-PEOU 0.07 0.02 3.46∗∗∗ 3.46∗∗∗ 3.46∗∗∗

PEOU-ATT 0.47 0.02

NFES-PU-ATT NFES-PU 0.10 0.02 4.90∗∗∗ 4.90∗∗∗ 4.91∗∗∗

PU-ATT 0.50 0.02

TR-PEOU-ATT TR-PEOU 0.68 0.04 13.77∗∗∗ 13.77∗∗∗ 13.78∗∗∗

PEOU-ATT 0.47 0.02

TR-PEOU-PU TR-PEOU 0.68 0.04 2.95∗∗ 2.95∗∗ 2.96∗∗

PEOU-PU 0.12 0.04

TR-PU-ATT TR-PU 0.68 0.06 10.32∗∗∗ 10.32∗∗∗ 10.33∗∗∗

PU-ATT 0.50 0.02

PEOU-ATT-BI PEOU-ATT 0.47 0.02 20.45∗∗∗ 20.44∗∗∗ 20.45∗∗∗

ATT-BI 0.83 0.02

PEOU-PU-ATT PEOU-PU 0.12 0.04 2.98∗∗ 2.98∗∗ 2.98∗∗

PU-ATT 0.50 0.02

PU-ATT-BI PU-ATT 0.50 0.02 21.41∗∗∗ 21.41∗∗∗ 21.42∗∗∗

ATT-BI 0.83 0.02

ATT-BI-UB ATT-BI 0.83 0.02 30.66∗∗∗ 30.66∗∗∗ 30.67∗∗∗

BI-UB 0.91 0.02

NFES, non-farm employment status; TR, technological readiness; PEOU, perceived ease of use; PU, perceived usefulness; ATT, attitude; BI, behavior intention; UB, use behavior.
∗p-value < 0.05; ∗∗p-value< 0.01; ∗∗∗p-value < 0.001.

of plant protection UAVs by grain farmers. TR includes innovation

and discomfort; therefore, to enhance the tendency of grain farmers

to use plant protection UAVs, it is necessary to provide knowledge

and skill training to enhance the innovation spirit and ability to use

technology development of grain farmers, so as to enhance the TR

of grain farmers and make them more inclined to accept and use

plant protection UAVs.

Sixth, there was a significant positive effect of NFES on TR

(β = 0.36), a significant direct effect of NFES on PEOU (β =

0.07), and a significant effect of NFES on PU (β = 0.10). In

this study, the non-farm employment status of grain farmers was

included in the study of the use behavior of plant protection

UAVs, and the results not only confirmed the human development

theory that “farmersmake choices that maximize personal or family
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interests” but also creatively analyzed the impact of non-farm

employment status on the adoption of new agricultural production

technologies by grain farmers from the perspective of farmers’

employment and part-time work. Therefore, improving the non-

farm employment status of farmers is an important driver for

improving technology readiness and promoting the use of plant

protection UAVs among farmers. Farmers with better non-farm

employment status were more educated and more receptive to new

things; they were able to realize the importance of plant protection

UAVs, were more likely to learn and operate the technology,

and were more financially capable of purchasing or renting plant

protection UAVs.

7 Conclusion

In this study, we constructed a comprehensive analytical

framework to study the behavior of grain farmers in using

plant protection UAVs by using non-farm employment status,

technology readiness, perceived ease of use, perceived usefulness,

attitude, behavioral intention, and use behavior as variables. It

was found that the more innovative, comfortable, and easier

to use the plant protection UAVs was, the more useful the

technology was perceived by the farmers, and the more likely

the farmers would accept and use the plant protection UAVs.

The better the farmers’ attitude evaluation of plant protection

UAVs, the greater the intention to use the plant protection

UAVs, and the more likely it is to produce actual use behavior.

In addition, non-agricultural employment status has a strong

positive effect on technology readiness, perceived ease of use,

and perceived usefulness; therefore, improving non-agricultural

employment status and technology readiness of grain farmers

is an important prerequisite for promoting the use of plant

protection UAVs by grain farmers. The causal relationships

found in this study can provide reference for enterprises to

develop and promote plant protection UAVs, guidance for social

service organizations on how to better carry out their services,

and reference for policy formulation by relevant government

administrative departments.
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