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Abstract

Digital agricultural technologies can support the living conservation and sustainable devel-
opment of agricultural heritage sites, but farmers’ adoption behavior in these contexts re-
mains underexplored. This study examines the endogenous drivers and external contextual
conditions shaping such adoption. Integrating the Theory of Planned Behavior (TPB), Per-
ceived Value Theory, and Context Effects Theory, this study develops an “external context–
endogenous driving factors–adoption intention–adoption behavior” framework. Based
on 399 household surveys from the Qitai Dryland Farming System in Xinjiang, the data
were analyzed using PLS-SEM and multi-group analysis. The results show that subjective
norms, perceived behavioral control, behavioral attitude, and perceived value positively
affect adoption intention, with behavioral attitude having the strongest effect. Adoption
intention promotes adoption behavior and fully mediates the perceived value–behavior
relationship. Technical training, economic incentives, and policy regulations strengthen key
internal driving paths, whereas publicity and education enhance attitude-based intention
formation but may weaken perceived behavioral control when disseminated information
diverges from farming realities. Adoption pathways differ across livelihood types, support-
ing differentiated promotion strategies. This study is among the first to apply PLS-SEM and
multi-group analysis to farmers’ adoption of digital technologies in agricultural heritage
sites, providing empirical evidence for integrating digital agriculture, heritage conservation,
and sustainable development.

Keywords: agricultural heritage sites; digital agriculture technology adoption; PLS-SEM;
multi-group analysis; Qitai Dryland Farming System

1. Introduction
Agricultural heritage systems are “socio-economic-natural” composite ecosystems

that have been jointly shaped by humans and nature through long-term harmonious
co-evolution [1]. They play a crucial role in sustaining agricultural development, pre-
serving landscape diversity, facilitating the intergenerational transmission of agricul-
tural culture, and enhancing farmers’ livelihoods [2]. In recent years, digital agricultural
technologies—characterized by precision and efficiency—have increasingly been recog-
nized as vital drivers of promoting agricultural modernization and the “living conservation”
of agricultural heritage [3]. Digitization not only optimizes production efficiency but also
demonstrates significant potential for supporting dynamic monitoring, cultural dissemina-
tion, and the direct marketing of specialty products, thereby helping to realize the vision of
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“conservation through development and development through conservation” [4]. However,
in practice, the promotion and application of digital agricultural technologies in heritage
sites still face numerous constraints.

First, the urban–rural digital divide in infrastructure and digital capabilities remains
a major constraint on the adoption and diffusion of digital agricultural technologies. As
of December 2024, rural internet penetration in China stood at 67.4%, indicating that
rural digital access has continued to improve but still remains uneven across regions and
user groups, thereby affecting farmers’ access to digital information services [5]. Digital
agriculture depends on stable connectivity, data platforms, smart equipment, extension
services, and farmers’ capacity to access and use digital information, yet these enabling
conditions remain unevenly distributed across rural areas. Prior studies have shown that
inadequate infrastructure, limited technical knowledge, high adoption costs, reliability
concerns, and weak institutional support can reduce farmers’ willingness and ability to
adopt digital tools [6,7]. Adoption decisions are also shaped by socioeconomic, institutional,
psychological, and behavioral factors, as documented in studies on digital agriculture in
China [7]. Moreover, high participation costs and weak collaboration among governments,
service providers, and agricultural operators may hinder the broader diffusion of digital
agriculture [8].

Second, digital agricultural technologies are often insufficiently aligned with farmers’
day-to-day production needs. According to official monitoring by the Ministry of Agricul-
ture and Rural Affairs, the national agricultural production informatization rate reached
27.6% in 2022, indicating that there remains substantial room for expanding the use of
digital tools in core agricultural operations [9]. Farmers’ adoption is still held back by
limited digital literacy, high costs, inadequate infrastructure, and poor compatibility with
existing farming practices [6]. Furthermore, existing applications are predominantly con-
fined to macro-level monitoring and other “passive defense” measures, failing to effectively
empower core production processes deeply rooted in traditional knowledge [3].

Farmers are the core inheritors and protectors of agricultural cultural heritage. They
play a crucial role in maintaining biodiversity, promoting sustainable development, and
enhancing rural economic benefits [10]. Effectively improving farmers’ adoption of
digital agricultural technologies will help shift the protection of agricultural cultural
heritage from “passive defense” to “active adaptation”, thereby achieving the goal of
“dynamic inheritance”.

Previous studies have shown that farmers in heritage areas face constraints from low
operating efficiency and fragile ecological conditions [11], making their technology adop-
tion highly context-specific. First, there is a constraint of cultural alignment. As the main
inheritors of heritage, farmers are more concerned about whether digital agricultural tech-
nologies can help preserve traditional farming culture. If the technological logic conflicts
with traditional production methods, farmers may experience psychological resistance. Sec-
ond, there is the challenge of ecological adaptability. The resource utilization and ecological
maintenance mechanisms that have developed over time in heritage areas require digital
tools with strong contextual adaptability, rather than large-scale technological substitutes.
Third, farmers face dual policy goals. They need to balance the goal of improving their
livelihoods with the constraints of the heritage protection system. Currently, most studies
on the digitalization of heritage areas focus on the theoretical level [12]. Empirical studies
on farmers’ micro-level decisions still have several limitations. First, existing studies are
mostly based on general agricultural contexts, and do not fully examine how the afore-
mentioned cultural and ecological constraints influence farmers’ decisions. Second, the
selected indicators are mostly limited to a single dimension [13], and relying on traditional
aggregation methods can easily lead to data loss [14]. Finally, existing studies often use
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discrete choice models, which cannot effectively reveal the complex mediating paths and
moderating effects arising from the joint effects of internal and external factors [15].

Based on this, this paper uses a structural equation model to systematically examine
how endogenous driving factors and external contextual factors influence farmers’ adoption
of digital agricultural technologies in agricultural heritage sites. Specifically, this study
aims to address the following research questions:

RQ1: What are the key endogenous driving factors affecting farmers’ adoption of
digital agricultural technologies in agricultural heritage sites?

RQ2: How do external contextual factors moderate the effects of endogenous driving
factors on farmers’ adoption intention?

RQ3: What mediating role does adoption intention play in the relationship between
endogenous driving factors and farmers’ adoption behavior?

The remainder of this paper is organized as follows. Section 2 presents the theoretical
analysis and research hypotheses. Section 3 describes the study area, data sources, variable
measurement, and research methods. Section 4 reports the empirical results. Section 5
discusses the main findings and their theoretical and practical implications. Section 6
summarizes the main conclusions, proposes policy implications, and outlines the limitations
and future research directions.

2. Theoretical Analysis and Research Hypotheses
This study integrates the Theory of Planned Behavior (TPB), Perceived Value The-

ory, and Context Effects Theory to construct a theoretical model of “external context–
endogenous driving factors–adoption intention–adoption behavior” (Figure 1). The model
explains how farmers in agricultural heritage sites form intentions to adopt digital agricul-
tural technologies and how these intentions are transformed into actual adoption behavior.
Although the Technology Acceptance Model (TAM), the Unified Theory of Acceptance
and Use of Technology (UTAUT), and Diffusion of Innovations theory have been widely
applied in studies of agricultural technology adoption, they tend to focus on specific as-
pects of technology acceptance or diffusion. In contrast, this study emphasizes the joint
effects of farmers’ psychological cognition, perceived value, and external contextual con-
ditions. Specifically, TPB is used to explain how subjective norms, perceived behavioral
control, and behavioral attitude shape adoption intention; Perceived Value Theory captures
farmers’ evaluations of expected benefits, potential costs, and livelihood-related returns;
and Context Effects Theory explains how technical training, publicity and education, eco-
nomic incentives, and policies and regulations may moderate the effects of endogenous
driving factors on adoption intention. This integrated framework is particularly suit-
able for agricultural heritage sites, where technology adoption is not only an economic
and production-related decision but also a livelihood and sustainability-oriented choice
involving heritage conservation.

2.1. Endogenous Driving Mechanism: Psychological Decision-Making and Value Perception

The Theory of Planned Behavior (TPB) is a classic framework for explaining the link
between behavioral intention and actual behavior. According to TPB, behavioral intention
is primarily shaped by subjective norms, perceived behavioral control, and behavioral
attitude [16]. Recent studies have continued to use TPB, either independently or in com-
bination with TAM, to explain farmers’ adoption of digital agricultural technologies and
other smart farming innovations. Evidence from studies in Italy [17], Germany [18], and
Greece [19] indicates that the core TPB constructs, namely behavioral attitude, subjective
norms, and perceived behavioral control, remain important predictors of farmers’ adop-
tion intention, while factors such as perceived sustainability benefits, technical training,
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information availability, and cost-related constraints further shape adoption decisions in
digital and smart agriculture contexts. This evidence provides recent empirical support for
using TPB as the theoretical basis for examining farmers’ adoption intention in the context
of agricultural digitalization.

Behavioral Attitude

Subjective Norms

Perceived Value

Perceived 
Behavioral Control Adoption 

Intention
Adoption 
Behavior

Technical 
Training

Economic 
Incentives

Policies and 
Regulations
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H3

H4
H5

H7

H6

Figure 1. Theoretical analysis framework.

Subjective norms refer to the social pressure that farmers perceive from important
individuals or organizations when making adoption decisions. In rural communities, such
pressure may come from agricultural authorities, village cadres, cooperatives, neighbors,
and relatives. Perceived behavioral control reflects farmers’ perceived ability, resources, and
opportunities to adopt digital agricultural technologies [20]. When farmers believe that they
have sufficient knowledge, skills, time, resources, and risk-bearing capacity, their adoption
intention is likely to increase. Behavioral attitude refers to farmers’ positive or negative
evaluations of adopting digital agricultural technologies. In agricultural heritage sites, this
attitude is closely related to whether farmers perceive these technologies as compatible
with production improvement, livelihood development, and heritage conservation.

Based on the above discussion, the following hypotheses are proposed:

H1. Subjective norms positively influence farmers’ intention to adopt digital agricultural technologies.

H2. Perceived behavioral control positively influences farmers’ intention to adopt digital agricul-
tural technologies.

H3. Behavioral attitude positively influences farmers’ intention to adopt digital agricultural
technologies.

Perceived Value Theory suggests that individuals make decisions by comparing per-
ceived benefits with perceived costs, thereby forming an overall evaluation of the value of
a given behavior [21]. In agricultural technology adoption, perceived value is reflected in
expected benefits such as increased crop yields, higher farming income, reduced labor costs,
improved livelihood conditions, and compatibility with local production needs [22,23]. In
agricultural heritage sites, such value evaluations may contribute to more positive attitudes
toward digital agricultural technologies, thereby strengthening farmers’ adoption intention.
They may also directly promote adoption behavior by increasing farmers’ expected returns
from technology use.

Based on the above discussion, the following hypotheses are proposed:

H4. Perceived value positively influences farmers’ intention to adopt digital agricultural technologies.
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H5. Perceived value positively influences farmers’ adoption behavior of digital agricultural
technologies.

2.2. External Context Effects: Constraints on Conditions and Regulation of Behaviors

Context Effects Theory emphasizes that individual decisions are shaped by external
contextual conditions. In the adoption of digital agricultural technologies, contextual
factors may influence farmers’ cognition, value evaluations, and behavioral motivation,
thereby affecting the strength of the relationship between endogenous driving factors and
adoption intention [24]. Previous agricultural studies have also shown that external support,
institutional arrangements, and organizational connections can facilitate farmers’ adoption
of innovative technologies [15]. In this study, technical training, publicity and education,
economic incentives, and policies and regulations are regarded as key external contextual
factors that may moderate the effects of endogenous driving factors on farmers’ adoption
intention. As this study is exploratory, the moderating effects of external contextual factors
are examined across different endogenous driving paths rather than being assumed to
operate uniformly across all paths.

Based on the above discussion, the following hypotheses are proposed:

H6. External contextual factors moderate the effects of endogenous driving factors on farmers’
intention to adopt digital agricultural technologies.

H6a. Technical training moderates specific relationships between endogenous driving factors and
farmers’ intention to adopt digital agricultural technologies.

H6b. Publicity and education moderate specific relationships between endogenous driving factors
and farmers’ intention to adopt digital agricultural technologies.

H6c. Economic incentives moderate specific relationships between endogenous driving factors and
farmers’ intention to adopt digital agricultural technologies.

H6d. Policies and regulations moderate specific relationships between endogenous driving factors
and farmers’ intention to adopt digital agricultural technologies.

2.3. Adoption Intention and Adoption Behavior

According to TPB, behavioral intention is the most direct antecedent of actual be-
havior. In the context of digital agricultural technology adoption, farmers with stronger
adoption intention are more likely to translate their willingness into actual adoption behav-
ior. However, in agricultural heritage sites, this transformation may still be constrained
by livelihood capital, technology accessibility, and production conditions. Despite these
constraints, adoption intention remains an important predictor of actual adoption behavior.

Based on the above discussion, the following hypothesis is proposed:

H7. Farmers’ intention to adopt digital agricultural technologies positively influences their
adoption behavior.

3. Materials and Methods
3.1. Study Area

Qitai County is located in the northeastern part of the Xinjiang Uygur Autonomous
Region, on the northern slope of the Tianshan Mountains and along the southern edge of
the Junggar Basin. The Qitai Dryland Farming System within this county was designated
as one of China’s Important Agricultural Heritage Systems in 2015 and was nominated as
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a candidate for the Globally Important Agricultural Heritage Systems in 2019. Covering
a total area of 3350 km2, the system represents a typical dryland farming region and has
developed a unique rain-fed agricultural production model.

Currently, representative applications of digital agricultural technologies are mostly
found in high-input, high-output intensive agricultural models in the eastern plain regions
of China. The adoption logic in these areas primarily focuses on precise inputs and
economies of scale. In contrast, this study selects the Qitai Dryland Farming System as the
research area to examine the application pathways of digital agricultural technologies. This
area is characterized by fragile ecological conditions and limited resource endowments,
making it a representative yet distinctive case for studying digital agriculture in dryland
farming systems.

3.2. Data Sources and Sampling Design

The data used in this study were collected through field surveys conducted from
September to December 2024. The household was used as the basic survey unit, and
face-to-face interviews and structured questionnaire surveys were conducted with farmers
in the Qitai Dryland Farming System.

A multi-stage sampling strategy was adopted. The study area was first stratified
according to geographical conditions, cropping structure, and production mode. Repre-
sentative townships were then purposefully selected from different strata. Within these
townships, villages were selected to cover different agricultural production conditions, and
households were randomly selected within the sampled villages.

Specifically, Banjiegou Town and Jibuku Town are located in the southern hilly area of
Qitai County and represent the core distribution area of the Qitai Dryland Farming System.
This area is dominated by rain-fed winter wheat production and is subject to relatively
strong natural constraints. Dongwan Town and Qihu Township are located in the central
and northern plain oasis area, where the terrain is relatively flat, irrigation conditions are
better, and mechanized agricultural production is more developed. Laoqitai Town and
Biliuhe Town are characterized by mixed grain, cash crops, and forage production, with
relatively diversified cropping structures. The selection of these six townships allowed the
sample to cover different natural constraints, resource endowments, cropping structures,
and production conditions.

Within each selected township, 3–6 administrative villages were selected to cover dif-
ferent agricultural production conditions. In each village, 10–20 households were randomly
selected for face-to-face interviews. In total, 410 households were contacted during the field
survey. After excluding 11 invalid questionnaires due to substantial missing data or logical
inconsistencies, 399 valid questionnaires were retained, yielding an effective response rate
of 97.3%.

The distribution of valid questionnaires across the six townships is shown in Table 1.

Table 1. Sample distribution by township.

Township Administrative Villages Valid Questionnaires Percentage (%)

Banjiegou Town 6 119 29.83
Jibuku Town 5 81 20.30

Dongwan Town 3 50 12.53
Qihu Township 3 50 12.53
Laoqitai Town 3 50 12.53
Biliuhe Town 3 49 12.28

Total 23 399 100.00
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3.3. Sample Characteristics

Considering that some emerging technologies are constrained in practice by insuffi-
cient maturity, incomplete data support systems, and high deployment costs, this study
focuses on several relatively mature and locally available digital agricultural technologies,
including agricultural drones, Internet of Things (IoT)-based soil moisture monitoring, soil
testing and formula fertilization, and agricultural e-commerce platforms. These technolo-
gies represent a portfolio of digital tools promoted or used in the study area, covering field
management, resource monitoring, input optimization, and product marketing. Therefore,
this study examines farmers’ general adoption intention and adoption behavior toward this
portfolio of technologies, rather than the adoption mechanisms of any single technology.

As shown in Table 2, the respondents were primarily over 50 years old, and their
education levels were generally at or below junior high school. This aligns with the typical
age and educational characteristics of the farming population in agricultural heritage
sites. Regarding household labor and employment, most households had two to three
agricultural laborers. Low-agricultural-dependence households and part-time farming
households together accounted for 80.45% of the sample, indicating a clear trend toward
livelihood diversification among the surveyed households.

Table 2. Descriptive statistics of the sample.

Characteristic Variables Category Frequency Percentage (%) Mean Standard Deviation

Gender
Male 215 53.88

1.46 0.50Female 184 46.12

Age

≤30 10 2.51

4.13 0.96
31–40 15 3.76
41–50 57 14.29
51–60 150 37.59
≥60 167 41.85

Degree of education

Primary school and below 219 54.89

1.56 0.73
Junior high school 146 36.59
Senior high school 28 7.02

Junior college 2 0.50
Bachelor’s degree and above 4 1.00

Household income

Less than RMB 30,000 161 40.35

1.91 0.94
RMB 30,000–50,000 148 37.09
RMB 50,000–100,000 56 14.04
Above RMB 100,000 34 8.52

Number of agricultural
laborers in the

household

1 person 17 4.26

2.56 0.66
2 persons 160 40.10
3 persons 207 51.88
4 persons 12 3.01

5 persons and above 3 0.75

Farmer type

Low-agricultural-dependence
households 159 39.85

1.80 0.74Part-time farming households 162 40.60
Full-time farming households 78 19.55

Agricultural drones Adopted = 1 253 63.41
0.63 0.48Not adopted = 0 146 36.59

IoT-based soil moisture
monitoring

Adopted = 1 170 42.61
0.43 0.50Not adopted = 0 229 57.39

Soil testing and
formulated fertilization

Adopted = 1 160 40.10
0.40 0.49Not adopted = 0 239 59.90
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Table 2. Cont.

Characteristic Variables Category Frequency Percentage (%) Mean Standard Deviation

Agricultural
e-commerce platforms

Adopted = 1 85 21.30
0.21 0.41Not adopted = 0 314 78.70

Note: Farmer types are categorized based on the proportion of agricultural income in total household income. The
specific standards are low-agricultural-dependence households (<10%), part-time farming households (10–90%),
and full-time farming households (>90%).

Regarding current technology adoption, there were clear differences in the adoption
rates of the four digital agricultural technologies among the surveyed farmers. The adoption
rate of agricultural drones was the highest, at 63.41%, followed by IoT-based soil moisture
monitoring, at 42.61%, and soil testing and formula fertilization, at 40.10%. Agricultural e-
commerce platforms had the lowest adoption rate, at 21.30%. When aggregating these four
technologies descriptively, the average number of technologies adopted per farmer was
1.72, indicating significant room for improvement in overall adoption. Furthermore, most
farmers adopted only a single technology, and the level of multi-technology application
remained limited. This indicates that the promotion of digital agricultural technologies in
this area still faces various constraints (Table 2).

3.4. Measurement of Variables

Drawing on existing literature [15] and the specific context of agricultural heritage sites,
this study adapted measurement items to construct a measurement system that includes
endogenous driving factors, external contextual factors, adoption intention, and adoption
behavior. The endogenous driving factors consist of four dimensions: subjective norms,
perceived behavioral control, behavioral attitude, and perceived value. Each dimension
was measured by three observed items, resulting in 12 items in total. Adoption intention
and adoption behavior were also measured by three items each. The items for adoption
behavior cover usage frequency, continuous usage intention, and recommendation behavior.
All latent variables were measured using a five-point Likert scale (1 = completely disagree,
5 = completely agree).

External contextual factors include four dimensions: technical training, publicity and
education, economic incentives, and policy regulations. Considering that the respondents
in this study are primarily farmers, overly long questionnaires may increase their cognitive
burden and negatively affect data quality. Therefore, drawing on Bergkvist and Rossiter [25],
this study adopts a single-item measurement approach for these factors. Previous studies
have shown that for specific, unidimensional, and easily understandable constructs, single-
item measures provide sufficient face validity and predictive validity. Furthermore, in the
subsequent moderation effect tests, these factors are transformed into categorical variables.
This step helps reduce the potential impact of single-indicator measurement errors on
parameter estimation. To ensure the scientific validity and contextual suitability of the
scale items, a pretest involving 60 farmers from the study area was conducted before
the formal field survey. The pretest was used to assess whether the questionnaire items
were clear, understandable, and appropriate for the local farming context. In addition, the
questionnaire was reviewed by experts in agricultural economics and researchers involved
in agricultural cultural heritage conservation. A small number of minor suggestions
from the expert review and feedback from the pretest were incorporated to improve the
questionnaire before the formal survey was conducted. The specific variables and their
measurement items are presented in Table 3.
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Table 3. Main variable names and measurement items.

Latent Variable Number Item

Subjective Norms

SN1
The adoption of digital agricultural technologies is

often influenced by family members, relatives, friends,
or neighbors.

SN2
The adoption of digital agricultural technologies is

often influenced by the government and technology
extension personnel.

SN3 I will only adopt digital agricultural technologies after
other farmers have successfully adopted them.

Perceived Behavioral Control

PB1 I can easily learn and adopt digital
agricultural technologies.

PB2
I have the necessary resources, time, and

opportunities to adopt digital
agricultural technologies.

PB3 I can bear the technical risks brought by digital
agricultural technologies.

Behavioral Attitude

BA1 Digital agricultural technologies can better protect
agricultural cultural heritage.

BA2 Digital agricultural technologies can improve overall
production efficiency.

BA3 The implementation of digital agricultural
technologies aligns with personal moral values.

Perceived Value

PV1 The adoption of digital agricultural technologies can
increase crop yields.

PV2 The adoption of digital agricultural technologies can
increase farming income.

PV3 The adoption of digital agricultural technologies can
save labor.

Adoption Intention

BI1 I am willing to adopt digital agricultural technologies.

BI2 I am willing to use digital agricultural technologies as
much as possible.

BI3 I am willing to adopt newly emerging digital
agricultural technologies.

External Contextual Factors

Technical Training Government-provided training will encourage me to
adopt digital agricultural technologies.

Publicity and
Education

Strengthening publicity will encourage me to adopt
digital agricultural technologies.

Economic Incentives The adoption of digital agricultural technologies can
receive special subsidies or financial support.

Policies and
Regulations

Mandatory regulations will encourage me to adopt
digital agricultural technologies.

Adoption Behavior

AB1 I adopt digital agricultural technologies every year.

AB2
I am satisfied with the results of adopting digital
agricultural technologies and I recommend them

to others.

AB3 I am satisfied with the process of adopting digital
agricultural technologies.
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3.5. Data Analysis Methods

Partial Least Squares Structural Equation Modeling (PLS-SEM) was selected for this
study because it has relatively flexible requirements for data normality and is capable of
handling higher-order models. Given that this study is exploratory in nature, the survey
data cannot be assumed to be fully normally distributed, and the proposed model is
relatively complex, PLS-SEM was considered appropriate for the subsequent analysis [26].

Following recent recommendations in the PLS-SEM literature, an a priori power
analysis was conducted using G*Power 3.1 to determine the minimum required sample
size [27]. The calculation was based on the maximum number of predictors directed toward
an endogenous construct in the proposed model. Using a medium effect size (f2 = 0.15), an
alpha level of 0.05, a target statistical power of 0.80, and four exogenous constructs as the
maximum number of predictors for a single endogenous construct, the analysis indicated
that the minimum required sample size was 85. To account for potential non-response and
invalid questionnaires, the required sample size was increased by 15%, resulting in a target
minimum sample size of 98 respondents. The formal survey ultimately yielded 399 valid
responses, which exceeded the adjusted target minimum sample size.

Descriptive statistics, data coding, and preliminary data screening were conducted
using SPSS 29.0. The preliminary screening included checking for missing values, abnormal
responses, and the distribution characteristics of the observed variables. PLS-SEM analysis
was then performed using SmartPLS 4.0 to evaluate both the measurement model and the
structural model. The significance of the estimated path coefficients was assessed using a
bootstrapping procedure with 5000 subsamples.

4. Results
4.1. Measurement Model Testing

Data were analyzed using SmartPLS 4.0 with 5000 bootstrap subsamples. The results
showed that the factor loadings of all items were greater than 0.8 (Table 4), indicating
that each measurement indicator effectively reflected its corresponding latent variable. In
addition, the variance inflation factor (VIF) values for all items were below the critical
threshold of 3.3, indicating that there were no serious multicollinearity issues. Regarding
reliability and validity (Table 4), the Cronbach’s alpha values for the latent variables
ranged from 0.800 to 0.848, and the composite reliability (CR) values all exceeded 0.7,
demonstrating good internal consistency. Furthermore, the average variance extracted
(AVE) values were all greater than 0.5, indicating that the measurement model had good
convergent validity.

Table 4. Measurement model test.

Latent Variable Number Factor Loading Cronbach’s α CR AVE

Subjective Norms
SN1 0.859

0.800 0.882 0.714SN2 0.848
SN3 0.827

Perceived Value
PV1 0.866

0.848 0.908 0.767PV2 0.898
PV3 0.862

Perceived Behavioral Control
PB1 0.875

0.834 0.899 0.748PB2 0.883
PB3 0.835
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Table 4. Cont.

Latent Variable Number Factor Loading Cronbach’s α CR AVE

Behavioral Attitude
BA1 0.878

0.837 0.902 0.753BA2 0.853
BA3 0.873

Adoption Intention
BI1 0.819

0.817 0.891 0.732BI2 0.876
BI3 0.870

Adoption Behavior
AB1 0.831

0.822 0.893 0.735AB2 0.884
AB3 0.856

According to the Fornell–Larcker criterion, discriminant validity is established when
the square root of the average variance extracted (AVE) for each latent variable exceeds its
correlations with all other latent variables (Table 5). To further assess discriminant validity,
this study employed the heterotrait–monotrait ratio of correlations (HTMT) proposed by
Henseler et al. [28]. Based on a bootstrapping procedure with 5000 subsamples, 95% bias-
corrected and accelerated confidence intervals were computed for the HTMT values. An
HTMT value below 0.85 indicates adequate discriminant validity, and the corresponding
confidence interval should not include 1. As shown in Table 6, all HTMT values ranged
from 0.261 to 0.601, which were below the recommended threshold of 0.85. In addition,
none of the 95% confidence intervals included 1, further supporting the discriminant
validity of the constructs.

Table 5. Fornell–Larcker test.

Subjective
Norms

Perceived
Value

Perceived
Behavioral

Control

Behavioral
Attitude

Adoption
Intention

Adoption
Behavior

Subjective Norms 0.845
Perceived Value 0.386 0.876

Perceived Behavioral Control 0.488 0.377 0.865
Behavioral Attitude 0.365 0.429 0.352 0.868
Adoption Intention 0.421 0.451 0.406 0.457 0.855
Adoption Behavior 0.345 0.223 0.327 0.314 0.330 0.857

Note: The diagonal values are the square roots of AVE, and the remaining values are the correlation coefficients
between latent variables.

Table 6. HTMT test.

Subjective
Norms

Perceived
Value

Perceived
Behavioral

Control

Behavioral
Attitude

Adoption
Intention

Adoption
Behavior

Subjective Norms

Perceived Value 0.465
[0.365, 0.554]

Perceived Behavioral
Control

0.601
[0.506, 0.690]

0.442
[0.343, 0.531]

Behavioral Attitude 0.443
[0.346, 0.535]

0.507
[0.417, 0.593]

0.419
[0.317, 0.515]

Adoption Intention 0.518
[0.413, 0.606]

0.536
[0.446, 0.614]

0.479
[0.381, 0.570]

0.549
[0.453, 0.636]

Adoption Behavior 0.421
[0.307, 0.530]

0.261
[0.142, 0.386]

0.389
[0.275, 0.491]

0.373
[0.268, 0.477]

0.395
[0.276, 0.500]
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4.2. Common Method Bias Test

To assess the potential impact of common method bias (CMB) caused by using a single
data source, this study employed Harman’s single-factor test. The unrotated exploratory
factor analysis extracted seven factors with eigenvalues greater than 1. The variance ex-
plained by the first factor was 29.315%, which is significantly lower than the recommended
threshold of 40%. Therefore, common method bias is not a significant issue in this study.

4.3. Structural Model Testing

Before evaluating the explanatory power of the structural model, this study first
performed a collinearity diagnosis. The VIF values for all paths leading to the endogenous
variables ranged from 1.693 to 2.186, which are well below the standard threshold. This
indicates that there are no multicollinearity issues in the model.

In terms of explanatory power, the coefficient of determination (R2) was used to
measure the variance explained in the endogenous latent variables. The R2 values for
adoption intention and adoption behavior were 0.446 and 0.334, respectively, with adjusted
R2 values of 0.439 and 0.327. Additionally, the SRMR value was 0.051, which is below
the recommended threshold of 0.08, indicating an acceptable residual fit. Therefore, the
model provides an adequate basis for subsequent structural path analysis. In addition,
this study conducted PLSpredict analysis to assess the model’s predictive relevance. The
results showed that all Q2

predict values for the indicators of adoption intention and adoption
behavior were greater than zero, ranging from 0.059 to 0.282, indicating that the model has
predictive relevance.

4.4. Analysis of Endogenous Driving Factors

Figure 2 displays the structural model results, presenting the standardized path
coefficients for the hypothesized direct relationships. The figure provides a visual summary
of the main paths and complements the statistical details reported in Table 7.

Subjective Norms

Perceived Behavioral
Control

Behavioral Attitude

Perceived Value
Adoption Behavior

R2=0.334

Adoption Intention
R2=0.446

0.172***

0.152***

0.245***

0.221***

0.093

0.288***

Figure 2. Structural model results with standardized path coefficients. Note: *** indicate significance
at the 1% level.

As shown in Figure 2 and Table 7, subjective norms, perceived behavioral control,
behavioral attitude, and perceived value all have significant positive effects on farmers’
intention to adopt digital agricultural technologies. Thus, hypotheses H1, H2, H3, and
H4 are supported. Among these factors, behavioral attitude (β = 0.245, p < 0.001) has
the strongest effect, followed by perceived value (β = 0.221, p < 0.001), subjective norms
(β = 0.172, p < 0.001), and perceived behavioral control (β = 0.152, p < 0.001). In this
study, behavioral attitude reflects farmers’ evaluations of whether digital agricultural
technologies can protect agricultural cultural heritage, improve production efficiency, and
align with their personal values. Its relatively strong effect highlights the importance of
value compatibility and practical relevance in farmers’ adoption decisions.
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Table 7. Direct, indirect, and total effects of influencing factors on adoption intention and adop-
tion behavior.

Overall
Effect Type Path Path

Coefficient
T

Value
95% Bootstrap

CI

Direct
effect

Subjective Norms → Adoption Intention 0.172 *** 3.527 [0.075, 0.265]
Perceived Value → Adoption Intention 0.221 *** 4.586 [0.126, 0.314]
Perceived Value → Adoption Behavior 0.093 1.451 [−0.032, 0.219]

Perceived Behavioral Control → Adoption Intention 0.152 *** 3.263 [0.058, 0.242]
Behavioral Attitude → Adoption Intention 0.245 *** 4.892 [0.149, 0.341]
Adoption Intention → Adoption Behavior 0.288 *** 5.013 [0.171, 0.394]

Indirect
effect

Subjective Norms → Adoption Intention → Adoption Behavior 0.050 ** 2.563 [0.018, 0.093]
Perceived Behavioral Control → Adoption Intention → Adoption Behavior 0.044 ** 2.417 [0.014, 0.086]

Behavioral Attitude → Adoption Intention → Adoption Behavior 0.071 *** 3.272 [0.034, 0.118]
Perceived Value → Adoption Intention → Adoption Behavior 0.064 *** 3.663 [0.035, 0.103]

Total effect

Subjective Norms → Adoption Behavior 0.050 ** 2.563 [0.018, 0.093]
Perceived Value → Adoption Behavior 0.157 ** 2.561 [0.035, 0.277]

Behavioral Attitude → Adoption Behavior 0.071 *** 3.272 [0.034, 0.118]
Adoption Intention → Adoption Behavior 0.288 *** 5.013 [0.171, 0.394]

Note: **, *** indicate significance at the 5%, and 1% levels, respectively.

For the path from adoption intention to adoption behavior, adoption intention has a
significant positive effect on adoption behavior (β = 0.288, p < 0.001), supporting H7 and
confirming its role as an important antecedent of actual adoption. By contrast, the direct
effect of perceived value on adoption behavior is not significant (β = 0.093, p > 0.05), so
H5 is not supported. However, the total effect of perceived value on adoption behavior is
significant (β = 0.157, p < 0.05). Together with the significant path from perceived value
to adoption intention, this result shows that perceived value affects adoption behavior
indirectly through adoption intention. In other words, farmers’ recognition of the value of
digital agricultural technologies may not directly lead to adoption unless it is first translated
into a clear behavioral intention.

The measurement results in Table 4 further clarify the meaning of these constructs.
Within the behavioral attitude dimension, the item “digital agricultural technologies help
protect agricultural cultural heritage” (BA1) has the highest loading (0.878), highlighting the
role of heritage protection value in shaping adoption intention. Within the perceived value
dimension, the item “increasing farming income” (PV2) has the highest loading (0.898), sug-
gesting that economic benefits remain central to farmers’ evaluations of digital agricultural
technologies. In the subjective norms dimension, the loading of “influence from family,
relatives, and neighbors” (SN1) is slightly higher than that of “influence from government
and extension personnel” (SN2), reflecting the continued importance of community social
networks in technology diffusion. In the perceived behavioral control dimension, the item
“having resources, time, and opportunities” (PB2) has the highest loading (0.883), indicating
that practical resource availability remains an important condition for adoption.

Overall, farmers’ adoption of digital agricultural technologies in agricultural heritage
sites is shaped by both heritage-related value judgments and expected economic benefits.
Behavioral attitude and perceived value are particularly important in forming adoption
intention, whereas perceived behavioral control shows a relatively weaker effect. At the
same time, the non-significant direct path from perceived value to adoption behavior
points to a value–behavior gap: recognizing the benefits of digital technologies does not
necessarily lead to actual adoption without sufficient intention, resources, skills, and
implementation support.
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4.5. Multi-Group Analysis

Based on the existing research [15], this study further examined the moderating effects
of four external contextual factors: technical training, publicity and education, economic
incentives, and policy regulations. Specifically, the sample mean of each variable was
used as the threshold; respondents scoring above the mean were classified into the high
group, whereas those scoring below the mean were classified into the low group (Table 8).
The results of the MICOM analysis indicated that all latent variables achieved partial or
complete measurement invariance, thus allowing for multi-group analysis. The results are
presented in Table 9.

Table 8. Grouping criteria and sample sizes.

External Contextual Factor Threshold Value Low Group, n (%) High Group, n (%)

Technical training 3.479 169 (42.36%) 230 (57.64%)
Publicity and education 3.336 202 (50.63%) 197 (49.37%)

Economic incentives 3.296 191 (47.87%) 208 (52.13%)
Policies and regulations 3.208 181 (45.36%) 218 (54.64%)

Table 9. Test results for the moderating effects of external contextual factors.

Test Type

Subjective
Norms →
Adoption
Intention

Perceived
Value →
Adoption
Intention

Perceived
Value →
Adoption
Behavior

Perceived
Behavioral
Control →
Adoption
Intention

Behavioral
Attitude →
Adoption
Intention

Technical
training

Path coefficient difference −0.064 0.213 −0.211 0.200 −0.078
p-value difference

MGA 0.538 0.036 0.103 0.046 0.428
Parametric 0.513 0.035 0.110 0.038 0.423

Publicity
and

education

Path coefficient difference −0.050 0.135 −0.147 −0.171 0.324
p-value difference

MGA 0.605 0.166 0.254 0.064 0.000
Parametric 0.607 0.168 0.253 0.065 0.001

Economic
incentives

Path coefficient difference 0.028 0.199 −0.072 −0.104 −0.155
p-value difference

MGA 0.768 0.046 0.572 0.253 0.122
Parametric 0.768 0.048 0.579 0.248 0.124

Policies and
regulations

Path coefficient difference 0.187 −0.003 −0.060 −0.073 0.104
p-value difference

MGA 0.043 0.968 0.651 0.426 0.291
Parametric 0.046 0.974 0.650 0.434 0.293

Note: MGA is a non-parametric test based on bootstrap sampling, and Parametric is a parametric test. The results
of the two methods can corroborate each other to enhance the robustness of the conclusions.

(1) Technical training. The path coefficient differences between the high and low
technical training groups reached a significant level. Specifically, technical training showed
a significant positive moderating effect on the two paths: “perceived value → adoption
intention” (coefficient difference = 0.213, p = 0.035) and “perceived behavioral control →
adoption intention” (coefficient difference = 0.200, p = 0.038). This indicates that a higher
level of technical training helps enhance farmers’ perceived value of digital agricultural
technologies and strengthens their confidence in their operational capabilities and resource
conditions, thereby promoting their adoption intention.

https://doi.org/10.3390/su18147285

https://doi.org/10.3390/su18147285


Sustainability 2026, 18, 7285 15 of 21

(2) Publicity and education. The moderating effect of publicity and education is
mainly observed in the “behavioral attitude → adoption intention” path, and the result is
highly significant (coefficient difference = 0.324, p = 0.001). This indicates that under high
levels of publicity and education, farmers’ positive attitudes toward digital agricultural
technologies are more likely to translate into adoption intention. Additionally, publicity
and education have a marginally significant negative moderating effect on the “perceived
behavioral control → adoption intention” path (coefficient difference = −0.171, p = 0.065).
This suggests that with more comprehensive information, farmers may develop a deeper
understanding of the complexity, costs, and risks of technology implementation, thereby
weakening the direct positive effect of perceived behavioral control.

(3) Economic incentives. Economic incentives have a significant positive moderating
effect on the “perceived value → adoption intention” path (coefficient difference = 0.199,
p = 0.048). This indicates that when the government or relevant organizations provide
incentives such as subsidies and low-interest loans, farmers’ perceived value of digital
agricultural technologies is more likely to translate into adoption intention. This suggests
that economic incentives can help alleviate cost constraints and risk concerns.

(4) Policies and regulations. The moderating effect of policies and regulations on the
“subjective norms → adoption intention” path is significant (coefficient difference = 0.187,
p = 0.046). This result indicates that when policy guidance and institutional constraints
are strong, the influence of social norms on farmers’ adoption intention is more promi-
nent. Policies and regulations enhance the effectiveness of external entities, such as the
government, extension personnel, and community networks, by strengthening institutional
signals and behavioral guidance.

In conclusion, external contextual factors exert moderating effects on the endogenous
driving paths in a differentiated manner. Therefore, H6 is generally supported. However,
H6a–H6d receive only partial support because each external contextual factor significantly
moderates specific structural paths rather than all endogenous driving paths. Technical
training significantly strengthens the effects of perceived value and perceived behavioral
control on adoption intention; publicity and education mainly strengthen the effect of
behavioral attitude on adoption intention; economic incentives reinforce the conversion of
perceived value into adoption intention; and policies and regulations strengthen the effect
of subjective norms on adoption intention. These results suggest that external contextual
factors operate through path-specific mechanisms rather than a single uniform mechanism.

4.6. Heterogeneity Analysis

Based on the farmer classification criteria [29], the sampled farmers were divided
into three categories according to the proportion of agricultural income in their total
household income: low-agricultural-dependence households (less than 10%), part-time
farming households (10% to 90%), and full-time farming households (greater than 90%).

The results in Table 10 reveal heterogeneous patterns in the adoption paths of digital
agricultural technologies among different types of farmers. In the “perceived value →
adoption intention” path, the effects for both low-agricultural-dependence households
and part-time farming households reached significant levels, while the effect for full-time
farming households was not significant (p > 0.05). This suggests that, in the current sam-
ple, the perceived value of digital agricultural technologies is not significantly associated
with adoption intention among full-time farming households. This may be related to the
relatively higher barriers faced by full-time farming households in terms of age structure,
digital skills, and learning costs. In addition, their higher dependence on agricultural in-
come may make them more cautious about technology failure, learning costs, and uncertain
returns, which may weaken the conversion of perceived value into adoption intention. In
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contrast, low-agricultural-dependence households and part-time farming households may
have more diversified income sources and stronger capacity to disperse risk, making them
more responsive to the potential value of new technologies.

Table 10. Results of path tests for digital agricultural technology adoption among different types
of farmers.

Path

Low-Agricultural-
Dependence
Households

Part-Time Farming
Households

Full-Time Farming
Households

Coefficient T
Value Coefficient T

Value Coefficient T
Value

Subjective Norms → Adoption Intention 0.178 ** 2.188 0.157 ** 2.152 0.245 1.867
Perceived Value → Adoption Intention 0.182 ** 2.349 0.310 *** 4.422 0.089 0.733
Perceived Value → Adoption Behavior 0.039 0.381 0.125 1.170 0.215 1.771

Perceived Behavioral Control → Adoption Intention 0.208 *** 2.811 0.110 1.643 0.160 1.224
Behavioral Attitude → Adoption Intention 0.163 ** 1.974 0.305 *** 4.079 0.254 ** 2.322
Adoption Intention → Adoption Behavior 0.408 *** 4.780 0.189 1.798 0.276 ** 2.173

Subjective Norms → Adoption Intention → Adoption
Behavior 0.073 * 1.795 0.030 1.209 0.068 1.270

Perceived Behavioral Control → Adoption Intention
→ Adoption Behavior 0.085 ** 2.182 0.021 1.016 0.044 0.974

Behavioral Attitude → Adoption Intention →
Adoption Behavior 0.066 1.608 0.058 * 1.660 0.070 1.410

Perceived Value → Adoption Intention → Adoption
Behavior 0.074 ** 2.202 0.059 * 1.648 0.025 0.669

Note: *, **, *** indicate significance at the 10%, 5%, and 1% levels respectively.

Further analysis shows that the direct effect of perceived value on adoption behavior
is not significant across all three types of farmers. This suggests that, across the three
livelihood groups, perceived value alone may not be sufficient to directly promote actual
adoption behavior. Adoption intention appears to play an important mediating role for low-
agricultural-dependence households and, to a weaker extent, part-time farming households,
while this mediating effect is not significant for full-time farming households.

On the “perceived behavioral control → adoption intention” path, the effect is sig-
nificant only for low-agricultural-dependence households. This suggests that, among
low-agricultural-dependence households, perceived resources, information access, and
confidence in using digital technologies may be more closely associated with adoption
intention. In contrast, the non-significant effects among full-time and part-time farming
households may reflect additional constraints, such as age-related digital barriers, limited
digital skills, or time and energy constraints caused by off-farm employment.

On the “adoption intention → adoption behavior” path, the effects for both low-
agricultural-dependence households and full-time farming households are significant,
while the effect for part-time farming households is not. This suggests that once full-time
farming households form an adoption intention, they may be more likely to translate
it into actual behavior. One possible explanation is that their higher dependence on
agricultural production may strengthen the link between intention and actual adoption
behavior. In contrast, although part-time farming households may develop adoption
intentions, time, labor, and management constraints related to off-farm employment may
limit the translation of intention into actual behavior.

Overall, the findings reveal differentiated patterns in the adoption mechanisms of
digital agricultural technologies across farmer groups. Therefore, policy design could better
account for differences in farmers’ livelihood structures. For full-time farming households,
policy support could focus on lowering the threshold for technology application and
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improving risk-mitigation mechanisms. For part-time farming households, policy measures
could pay greater attention to time constraints and labor shortages, thereby helping improve
the conversion of adoption intention into actual behavior.

5. Discussion
The results show that subjective norms, perceived behavioral control, behavioral atti-

tude, and perceived value all positively influence farmers’ adoption intention. This finding
is broadly consistent with TPB-based studies showing that farmers’ technology adoption
intention is shaped by attitude, social influence, and perceived behavioral control [30,31]. It
also aligns with recent research on smart farming and digital agriculture, which identifies
perceived usefulness, self-efficacy, technology complexity, risk perception, and support
conditions as important determinants of farmers’ adoption decisions [32,33].

Behavioral attitude has the strongest effect on adoption intention. This finding is
consistent with studies on low-carbon and green agricultural technologies, which also
emphasize the important role of behavioral attitude [34]. In this study, behavioral attitude is
not only related to production efficiency but also to whether digital agricultural technologies
can help protect agricultural cultural heritage and align with farmers’ personal values.
This suggests that farmers in agricultural heritage sites may evaluate digital technologies
from both economic and cultural perspectives. Therefore, the TPB framework should
be interpreted within the specific context of agricultural heritage conservation. This is
also consistent with research on agricultural heritage systems, which shows that these
systems can adapt to modernization through technological adaptation and institutional
support [35].

Another important finding is that perceived value does not directly affect adoption
behavior, but influences it indirectly through adoption intention. Recognizing the benefits
of digital agricultural technologies is therefore not sufficient to ensure actual adoption.
Even when farmers perceive these technologies as useful for increasing yields, improving
income, or reducing labor input, adoption may still be constrained by digital skills, resource
availability, risk tolerance, and technical support. This finding is consistent with studies
that view technology adoption as a process from intention formation to actual behavior [31].
It also echoes evidence that costs, complexity, weak support, and limited digital skills
hinder digital technology adoption [36].

The moderation results indicate that external support conditions play an important
role in shaping adoption intention. Technical training strengthens the effects of perceived
value and perceived behavioral control, suggesting that training improves farmers’ un-
derstanding of digital technologies and their confidence in using them. Publicity and
education enhance the effect of behavioral attitude, indicating that information dissemi-
nation can reinforce farmers’ positive evaluations of digital technologies. However, the
marginally significant negative moderating effect on the perceived behavioral control path
should be interpreted with caution. One possible explanation is that publicity may also
increase farmers’ awareness of adoption costs, operational difficulties, and uncertainty.
These findings are consistent with studies emphasizing digital skills, information quality,
and extension services in technology adoption [37].

Economic incentives strengthen the relationship between perceived value and adop-
tion intention. Subsidies, financial support, and cost-sharing measures can therefore reduce
farmers’ concerns about adoption costs. Evidence from Brazil also shows that access to
credit promotes digital technology adoption, while high perceived costs are an important
barrier [34]. Policies and regulations strengthen the effect of subjective norms on adoption
intention. Policy guidance can therefore reinforce the influence of governments, extension
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workers, cooperatives, and local communities. In agricultural heritage sites, policy support
may also help link digital technology adoption with heritage conservation goals.

The heterogeneity analysis shows that adoption paths differ across livelihood types.
Low-agricultural-dependence households and part-time farming households are more
responsive to perceived value, whereas this path is not significant for full-time farming
households. This may be because full-time farming households depend more heavily on
agricultural income and are more cautious about technology failure, learning costs, and
uncertain returns. Part-time farming households may form adoption intention, but time
and labor constraints may limit actual adoption. This pattern is consistent with studies
showing that off-farm employment, digital literacy, household resources, and livelihood
conditions influence agricultural technology adoption [33]. These results also suggest
that differentiated support is needed for different household types. Full-time farming
households may require stronger risk reduction mechanisms and technical guarantees,
while part-time farming households may benefit more from simple, time-saving, and
easy-to-use digital services.

Overall, this study extends the TPB framework by applying it to the setting of agri-
cultural heritage sites. Farmers’ adoption decisions are influenced not only by behavioral
attitude, subjective norms, and perceived behavioral control, but also by perceived value,
external contextual factors, and livelihood differences. Behavioral attitude reflects both
economic considerations and farmers’ recognition of heritage protection and traditional
agricultural values, while perceived value influences actual adoption behavior primarily
through adoption intention. These findings broaden the theoretical implications of TPB
by showing that technology adoption in agricultural heritage sites is shaped by economic
benefits, cultural value recognition, external support, and livelihood differences. In practice,
the promotion of digital agricultural technologies should avoid a one-size-fits-all approach
and provide practical training, reliable information, appropriate subsidies, and tailored
support for different types of farmers.

6. Conclusions
Based on survey data from 399 households in the Qitai Dryland Farming System

in Xinjiang, this study used structural equation modeling and multi-group analysis to
examine the driving mechanisms, external contextual moderating effects, and household
heterogeneity in farmers’ adoption of digital agricultural technologies in agricultural
heritage sites. The following conclusions are drawn.

6.1. Main Conclusions

First, endogenous driving factors significantly influence farmers’ adoption intention.
Subjective norms, perceived behavioral control, behavioral attitude, and perceived value
all have significant positive effects on farmers’ intention to adopt digital agricultural
technologies, and adoption intention in turn promotes actual adoption behavior. Among
these factors, behavioral attitude has the strongest effect on adoption intention. In addition,
perceived value does not directly affect adoption behavior, but influences it indirectly
through the mediating role of adoption intention.

Second, external contextual factors exert differentiated moderating effects. Technical
training, economic incentives, and policies and regulations positively moderate the effects
of their corresponding endogenous factors on adoption intention, indicating that skills
support, cost reduction, and institutional guidance can strengthen farmers’ adoption moti-
vation. The publicity and education mainly promote adoption intention by strengthening
behavioral attitude, but its marginally significant negative moderating effect on the per-

https://doi.org/10.3390/su18147285

https://doi.org/10.3390/su18147285


Sustainability 2026, 18, 7285 19 of 21

ceived behavioral control path suggests that information dissemination should be more
closely aligned with farmers’ actual production conditions.

Third, significant heterogeneity exists among farmers’ livelihood types. Different
household types follow distinct adoption paths: behavioral attitude is a common driver of
adoption intention for all farmers. Low-agricultural-dependence households and part-time
farming households are more influenced by economic returns and social norms, while the
adoption intention of full-time farming households is based more on intrinsic attitudes and
value recognition. Finally, the translation of adoption intention into actual behavior for
part-time farming households is significantly constrained by practical conditions.

6.2. Policy Implications

First, differentiated promotion strategies should be implemented to improve the tech-
nical adaptability of digital agricultural technologies. Categorized guidance should be
provided according to farmers’ different livelihood structures: for full-time farming house-
holds, promotion should focus on the heritage protection value of digital technologies,
while user-friendly and lightweight tools, together with targeted guidance, should be pro-
vided to strengthen their cultural identity and perceived behavioral control. For part-time
farming households and low-agricultural-dependence households, social service organi-
zations should be encouraged to provide integrated management services and solutions,
with emphasis on the economic advantages of cost reduction, efficiency improvement, and
labor saving. In addition, contextualized publicity based on typical local cases should
be carried out to improve the match between information supply and farmers’ actual
production contexts, thereby promoting the effective translation of adoption intention into
actual adoption behavior.

Second, economic incentive mechanisms and institutional support systems should
be improved to lower the threshold for adoption. Specifically, financial subsidies or low-
interest loan mechanisms linked to technology application outcomes should be established,
especially for technologies with high initial investment or uncertain short-term returns.
These measures can help share farmers’ initial investment and trial-and-error costs and
alleviate their financial constraints and risk concerns during the initial stage of technol-
ogy adoption. Furthermore, regulations and standards tailored to the characteristics of
agricultural heritage sites should be improved. Incorporating the application of digital
agricultural technologies into the overall framework of heritage protection and building
social consensus through institutional guidance can strengthen the institutional incentives
for farmers to continue adopting these technologies. At the same time, technical training
should focus on hands-on operation and local technology adaptation, while publicity and
education should provide practical responses to farmers’ concerns about cost, complexity,
and risk.

6.3. Limitations and Future Research

This study has several limitations. First, the data used in this study are cross-sectional,
reflecting farmers’ adoption intentions and behaviors in agricultural heritage sites only at a
specific point in time. Future studies could use panel data or follow-up surveys to examine
changes in adoption intention and behavior over time. Second, the sample is limited to one
agricultural heritage site in Xinjiang, so care should be taken when generalizing the findings.
More cases from other agricultural heritage sites are needed to test the applicability of
the framework. Third, this study does not distinguish between the adoption mechanisms
of different types of digital agricultural technologies. Future research could explore the
differentiated adoption mechanisms of various technologies in more depth. Fourth, some
external contextual factors were measured by single items, and future research could use
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more detailed scales. In addition, dividing respondents into high and low groups based
on mean values may have led to a loss of some information contained in the original
continuous contextual variables. Future studies could further examine the moderating
effects using latent interaction models or other grouping strategies. Finally, because this
study relies on self-reported survey data, recall bias, social desirability bias, and common
method bias may exist. Future studies could combine survey data with field observations,
interviews, or actual technology-use records. These efforts will help more comprehensively
reveal the underlying social mechanisms of farmers’ technology adoption behavior in
agricultural heritage sites.
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