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ABSTRACT

Artificial Intelligence (AI) has become a key element in the survival and growth of
businesses over the past few decades, especially in agriculture. This research aims to
investigate the cognitive factors, such as Perceived Usefulness (PU), Perceived Ease of Use
(PE), Effort Expectancy (EE), and Facilitating Condition (FC), influencing the Intention to
adopt Artificial Intelligence (IU) in the business operations of agricultural enterprises in Ho
Chi Minh City. Furthermore, the authors also seek to clarify the mediating role of Attitude
toward Al Adoption (AT) in the relationship between these cognitive factors and IU. In this
regard, an online survey was conducted among 251 respondents, including managers,
specialists, and employees working in agricultural companies in Ho Chi Minh City. The Partial
Least Squares (PLS) Smart was used to analyze the data. The findings of this study indicate
that PU significantly positively affects I[U and AT, while AT serves as a mediator in the
relationship between PU and IU. Similarly, FC also has a positive impact on AT, and AT also
plays a mediating role in the relationship between FC and IU. Unfortunately, the research
results do not support the significant impact of PE and EE on AT. Based on the research
findings, the authors suggest managerial implications to assist agricultural enterprises in Ho
Chi Minh City deeply understand the key elements and practical benefits of Al integration in
their business operations. Consequently, the study’s findings help enterprises know how they
can use Al technology to support achieving their business goals and build their operational
strategies in a better and more appropriate way.

Keywords: Al adoption intention, perceived usefulness, perceived ease of use, effort
expectancy, facilitating condition, Al attitude, agricultural enterprises.

1. INTRODUCTION

1.1. Background

In the era of digital transformation, artificial intelligence (Al) has emerged as a core
technology capable of creating competitive advantages for firms through data analytics,
process automation, and decision support [1]. The growing diffusion of Al has significantly
reshaped business operations worldwide, with applications expanding across demand
forecasting, supply chain optimization, process automation, and strategic decision-making [2].
Beyond improving operational efficiency, Al adoption is increasingly recognized as a strategic
driver of firm competitiveness in highly dynamic and uncertain market environments.

1402


mailto:anhtt@huit.edu.vn

Factors affecting the intention to adopt artificial intelligence (Al) in the business operations...

However, as argued by Porter [3] and the resource-based view proposed by Barney [4],
the mere possession of technology does not automatically translate into superior organizational
performance. Instead, the value of technology depends on whether firms possess adequate
organizational capabilities and favorable implementation conditions. This issue is particularly
salient in the agricultural sector, where businesses often face substantial constraints in terms
of financial resources, technological infrastructure, and the quality of human capital.
Consequently, despite its transformative potential, the adoption of Al in agriculture continues
to face considerable challenges [5].

In agriculture, Al is widely regarded as a key enabler of the transition from traditional
production systems toward modern, smart, and sustainable agriculture. Its applications
include production management, weather and disease forecasting, resource-use
optimization, and the enhancement of agricultural product distribution and market access
[5]. Nevertheless, in developing countries such as Vietnam, Al adoption in agricultural
business activities remains limited. Major barriers include financial constraints, insufficient
digital infrastructure, limited workforce capabilities, and the low level of organizational
readiness to adopt emerging technologies.

1.2. Research gap

Despite the increasing scholarly attention devoted to Al adoption and digital
transformation, several important research gaps remain unresolved in the current literature.
Firstly, prior studies have predominantly focused on Al adoption within manufacturing,
finance, healthcare, and technology-oriented industries, whereas relatively limited attention
has been paid to the agricultural sector [6-9], particularly in developing economies such as
Vietnam. As a result, empirical understanding of the determinants of Al adoption in
agricultural enterprises remains limited.

Secondly, although the Technology Acceptance Model (TAM) and the Unified Theory
of Acceptance and Use of Technology (UTAUT) have been extensively utilized to explain
technology adoption behavior, prior studies have generally applied these theoretical
frameworks separately. Research integrating constructs from both perspectives to explain Al
adoption intention in agricultural business operations remains scarce. In particular, the
combined effects of Perceived Usefulness (PU), Perceived Ease of Use (PE), Effort
Expectancy (EE), and Facilitating Conditions (FC) on Al adoption intention (IU) have not
been sufficiently investigated in the agricultural context.

Thirdly, previous studies have mainly concentrated on the direct effects of technological
perception variables on behavioral intention, while the underlying cognitive and attitudinal
mechanisms have received comparatively less attention. Specifically, limited empirical
evidence exists regarding the mediating role of Attitude toward Al Adoption (AT) in
explaining how firms’ technological perceptions influence their intention to adopt Al in
business operations. Understanding this mechanism is essential, as organizational attitudes
toward Al may play a critical role in shaping firms’ readiness to adopt emerging technologies.

Finally, most prior research has been conducted in developed countries with relatively
advanced digital infrastructure and technological readiness. Consequently, the generalizability
of these findings to developing economies remains uncertain due to contextual differences in
organizational capability, financial resources, technological infrastructure, and workforce
readiness. Accordingly, further research is needed to examine Al adoption behavior within
agricultural enterprises in emerging economies such as Vietnam.

To address these limitations, this study aims to investigate the cognitive factors such as
perceived usefulness, perceived ease of use, effort expectancy, facilitating conditions, and
attitude toward Al adoption, that influence agricultural enterprises’ intention to adopt artificial
intelligence (Al) in business operations in Ho Chi Minh City. Furthermore, the study seeks to
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examine the mediating role of attitude toward AI adoption in the relationships between
cognitive factors, including perceived usefulness, perceived ease of use, effort expectancy, and
facilitating conditions, and the intention to adopt Al. Based on the empirical findings, the study
offers practical implications to help agricultural enterprises in Ho Chi Minh City better
understand the practical benefits and key determinants of Al adoption, thereby supporting the
development of appropriate investment and technology implementation strategies.

1.3. Research questions

The study aims to address fifteen questions, including:

Question 1: Does Perceived Usefulness positively influence Attitude toward Al adoption
in business operations?

Question 2: Does Perceived Usefulness positively influence Intention to adopt Al in
business operations?

Question 3: Does Attitude toward Al adoption mediate the relationship between
Perceived Usefulness and Intention to adopt Al in business operations?

Question 4: Does Perceived Ease of Use positively influence Attitude toward Al adoption
in business operations?

Question 5: Does Perceived Ease of Use positively influence Intention to adopt Al in
business operations?

Question 6. Does Perceived Ease of Use positively influence Perceived Usefulness of Al
in business operations?

Question 7: Does Attitude toward Al adoption mediate the relationship between
Perceived Ease of Use and Intention to adopt Al in business operations?

Question 8: Does Perceived Usefulness mediate the relationship between Perceived Ease
of Use and Attitude toward Al adoption in business operations?

Question 9: Does Perceived Usefulness mediate the relationship between Perceived Ease
of Use and Intention to adopt Al in business operations?

Question 10: Does Effort Expectancy positively influence Attitude toward Al adoption
in business operations?

Question 11: Does Effort Expectancy positively influence Intention to adopt Al in
business operations?

Question 12: Does Attitude toward Al adoption mediate the relationship between Effort
Expectancy and Intention to adopt Al in business operations?

Question 13: Do Facilitating Conditions positively influence firms’ Attitude toward Al
adoption in business operations?

Question 14: Do Facilitating Conditions positively influence Intention to adopt Al in
business operations?

Question 15: Does Attitude toward Al adoption mediate the relationship between
Facilitating Conditions and Intention to adopt Al in business operations?

2. THEORETICAL BACKGROUND

2.1. Related concepts

According to Arakpogun et al. [10] defined artificial intelligence (Al) as a set of
information and communication technologies (ICTs) that simulate human intelligence,
primarily aiming to improve work performance, enhance efficiency, and stimulate economic
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growth. In the business domain, agricultural enterprises are understood as organized business
entities that employ resources such as capital, labor, and technology to improve productivity,
operational efficiency, and competitiveness [1]. This view emphasizes the importance of
agricultural enterprises in adopting innovation and technological advancement to support
sustainable development. Within the agribusiness context, Al extends beyond merely
replicating human intelligence; it functions as an enabling technology that supports
agricultural enterprises in analyzing environmental data, generating forecasts, issuing weather
and price alerts, optimizing crop cultivation and livestock management, and enhancing the
quality of managerial decision-making. Accordingly, Al can be considered one of the key
technologies underpinning digital transformation and innovation in the contemporary business
activities of agricultural enterprises.

Based on Eli-Chukwu et al. [11] suggested that the application of artificial intelligence
(AD) in agribusiness encompasses the use of machine learning algorithms, big data analytics,
and automated systems to support functions such as yield forecasting, supply chain
management, distribution optimization, and improved agricultural marketing performance.
This view underscores the role of Al as a strategic enabler in the management and development
of agricultural enterprises. As such, the perceived strategic value of Al may shape how
agricultural firms evaluate its usefulness, develop favorable attitudes, and form intentions
toward its adoption.

2.2. Theoretical background

Among the major theoretical frameworks used to explain technology adoption, the
Technology Acceptance Model (TAM) has been one of the most influential models in
information systems research [12-14]. TAM emphasizes two core beliefs—perceived ease of
use and perceived usefulness—which influence users’ attitudes and subsequently their
behavioral intentions toward adopting new technologies. In its original formulation [15]
positioned behavioral intention as a key determinant of actual system use, directly influenced
by attitude toward use and perceived usefulness.

In addition, the Theory of Reasoned Action (TRA) and the Theory of Planned Behavior
(TPB) provide complementary perspectives for understanding technology adoption behavior.
TRA explains that attitude toward a behavior and subjective norms jointly shape an
individual’s behavioral intention [16]. Therefore, this study adopts TAM and TRA as the main
theoretical foundations for developing the proposed research model.

Furthermore, this study integrates the Technology Acceptance Model (TAM) and the
Unified Theory of Acceptance and Use of Technology (UTAUT) to provide a more
comprehensive explanation of Al adoption behavior in agricultural enterprises. While TAM
focuses on individual cognitive evaluations of technology, particularly perceived usefulness
and perceived ease of use [15], UTAUT extends this framework by incorporating additional
determinants such as effort expectancy and facilitating conditions [17].

The integration is justified because Al adoption in business operations involves not only
individual perceptions but also organizational and contextual factors. In particular, facilitating
conditions reflect the role of technological infrastructure and organizational support, which
are critical in enterprise settings [17]. Therefore, combining TAM and UTAUT enables this
study to capture both individual-level and organizational-level determinants of Al adoption.

It is important to distinguish between perceived ease of use (PE) and effort expectancy
(EE), as these constructs originate from different theoretical perspectives. Perceived ease of
use refers to the degree to which a system is perceived as easy to use, as defined in TAM [15].
In contrast, effort expectancy reflects the perceived level of effort required to learn and apply
technology in practice, particularly in organizational contexts [17]. In the context of Al
adoption, effort expectancy captures organizational concerns such as implementation
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complexity, required training, and system integration, whereas perceived ease of use mainly
reflects individual interaction with the system interface.

2.3. Proposed model and Hypotheses

According to the Unified Theory of Acceptance and Use of Technology (UTAUT),
Effort Expectancy (EE) refers to the degree of ease associated with the use of technology
[17]. In the context of agricultural enterprises, effort expectancy reflects the extent to which
firms perceive Al systems as requiring manageable levels of effort in terms of learning,
implementation, and operation. According to the Technology Acceptance Model (TAM),
Perceived Usefulness (PU) refers to the extent to which an individual believes that using a
particular system will enhance job performance [15]. In the organizational context, PU
reflects the extent to which firms believe that technology can improve productivity, reduce
costs, and strengthen competitive advantage [17]. For agricultural enterprises in Ho Chi
Minh City, whose production and business activities are heavily influenced by yield
forecasting, supply chain coordination, and market volatility, Al adoption may facilitate data
analysis, optimize operational processes, and improve managerial effectiveness. When firms
perceive that Al offers substantial and practical benefits to their business operations, they
are more likely to develop a favorable attitude toward Al adoption [18], which subsequently
increases their intention to adopt Al in business activities. Accordingly, the following
hypotheses are proposed:

Hypothesis H,.: Perceived Usefulness has a positive effect on Attitude toward Al
adoption in business operations.

Hypothesis Hp: Perceived Usefulness has a positive effect on Intention to adopt Al in
business operations.

Hypothesis H;.: Attitude toward Al adoption mediates the relationship between Perceived
Usefulness and Intention to adopt Al in business operations.

Perceived Ease of Use (PE) is defined as the degree to which an individual believes that
using a particular system would be free of effort and easy to understand [15]. In the context of
agricultural enterprises, where technological capabilities and workforce competencies may
vary considerably, the complexity of Al systems may constitute a substantial barrier to
adoption [17]. Accordingly, when Al solutions are designed to be user-friendly, easy to
implement, and compatible with the operational capacities of agricultural firms, they are more
likely to reduce uncertainty and resistance while enhancing acceptance. Prior studies grounded
in the Technology Acceptance Model (TAM) further indicate that systems perceived as easier
to use tend to foster more favorable attitudes toward adoption [19]. Based on these arguments,
the following hypotheses are developed.

Hypothesis H:.: Perceived Ease of Use has a positive effect on Attitude toward Al
adoption in business operations.

Hypothesis Hap: Perceived Ease of Use has a positive effect on Intention to adopt Al in
business operations.

Hypothesis H.: Perceived Ease of Use has a positive effect on Perceived Usefulness of
Al in business operations.

Hypothesis Hy:: Attitude toward Al adoption mediates the relationship between
Perceived Ease of Use and Intention to adopt Al in business operations.

Hypothesis H:.: Perceived Usefulness mediates the relationship between Perceived Ease
of Use and Attitude toward Al adoption in business operations.

Hypothesis Hy:. Perceived Usefulness mediates the relationship between Perceived Ease
of Use and Intention to adopt Al in business operations.
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According to the Unified Theory of Acceptance and Use of Technology (UTAUT) [17],
Effort Expectancy (EE) is defined as the degree to which an individual believes that using a
particular technology will help achieve gains in job performance [20]. In the context of
agricultural enterprises, such expected performance gains may include improved farming
productivity, enhanced product quality, more efficient inventory management, and stronger
market forecasting capabilities. Accordingly, when agricultural enterprises in Ho Chi Minh
City perceive that Al can enhance business performance and improve their ability to respond
to market volatility, they are more likely to develop a favorable attitude toward Al adoption.

Hypothesis Hs,: Effort Expectancy has a positive effect on Attitude toward Al adoption
in business operations.

Hypothesis Hsp: Effort Expectancy has a positive effect on Intention to adopt Al in
business operations.

Hypothesis Hs.: Attitude toward Al adoption mediates the relationship between Effort
Expectancy and their Intention to adopt Al in business operations.

According to the Unified Theory of Acceptance and Use of Technology (UTAUT),
Facilitating Conditions (FC) refer to the extent to which individuals believe that the
organizational and technical infrastructure necessary to support the use of technology is in
place [19]. In the context of agricultural enterprises in Ho Chi Minh City, Al adoption requires
an adequate data infrastructure, compatible technological systems, sufficient financial
resources, and support from top management. Accordingly, when firms perceive that they have
sufficient resources, infrastructure, and supportive organizational policies to implement Al,
they are more likely to develop a favorable attitude toward Al adoption because the perceived
level of implementation risk is reduced.

Hypothesis Hy,: Facilitating Conditions have a positive effect on firms’ Attitude toward
Al adoption in business operations.

Hypothesis Hyp: Facilitating Conditions have a positive effect on Intention to adopt Al in
business operations.

Hypothesis H,: Attitude toward Al adoption mediates the relationship between
Facilitating Conditions and Intention to adopt Al in business operations.

Perceived Usefulness

A

Perceived Ease of
Use

Effort
Expectancy

Facilitating /

Conditions

Attitude to adopt | Intention to adopt
Al " Al

Figure 1. Proposed Research Model. Source: Authors’ elaboration

3. METHODOLOGY

1407



Hai Quang Nguyen, Tuan Anh Tran, Thi Anh Hong Nguyen, Le Hong Phuong Nguyen

This study adopted a quantitative approach, with preliminary expert consultation to refine
the measurement scales before administering the main survey. Partial Least Squares Structural
Equation Modeling (PLS-SEM) was used as the primary analytical technique due to its
suitability for complex models and prediction-oriented research [21].

3.1. Measurement Development

In the first stage, the authors reviewed prior literature to establish the conceptual
framework and adapt the measurement scales from previous studies, then a comprehensive
literature review was conducted to establish the conceptual framework and to identify relevant
constructs.The measurement scales were adapted from prior studies grounded in the
Technology Acceptance Model (TAM) and the Unified Theory of Acceptance and Use of
Technology (UTAUT), which are widely used in technology adoption research [15], [17], [19].
Specifically, Perceived Usefulness (PU) and Perceived Ease of Use (PE) were adapted from
TAM [15], while Effort Expectancy (EE) and Facilitating Conditions (FC) were derived from
UTAUT [17]. Attitude toward Al adoption (AT) was based on attitude theory [16], and
Intention to Adopt Al (IU) was adapted from prior technology adoption studies [18]. To ensure
content validity and contextual relevance, the initial measurement items were reviewed and
refined through expert consultation prior to the survey data collection.

3.2. Expert Review of Measurement Scales

In the second stage, before conducting the main survey, the questionnaire was evaluated
by a panel of experts to ensure clarity, relevance, and appropriateness for the context of
agricultural enterprises. A total of 8 experts participated in this stage, involving researchers,
executives, business owners, and specialists from agricultural enterprises to refine the
measurement items and finalize the survey questionnaire. The experts were selected based
on the following criteria (1) professional experience related to Al implementation or digital
transformation, (2) familiarity with agricultural business operations, and (3) involvement in
managerial or technical decision-making processes. Based on the feedback obtained from
these experts, several measurement items were adjusted to improve wording clarity,
eliminate ambiguity, and enhance contextual suitability. This pre-testing procedure is
consistent with established practices in scale development and adaptation in technology
adoption research [17].

3.3. Data Collection

In the final stage, the main data collection was carried out using an online survey with
the finalized questionnaire. All items were measured on a Seven-point Likert scale ranging
from strongly disagree to strongly agree. The survey instrument included screening questions
and measurement items corresponding to six constructs in the research model (see Fig.1),
namely Perceived Usefulness (PU, 5 indicators), Perceived Ease of Use (PE, 4 indicators),
Effort Expectancy (EE, 4 indicators), Facilitating Conditions (FC, 4 indicators), Attitude
toward Al Adoption (AT, 3 indicators), and Intention to Adopt Al (IU, 3 indicators). The
responses collected were coded and prepared for data analysis.

3.4. Data Analysis

The data collected were analyzed using SmartPLS software. PLS-SEM was selected
because of its advantages in handling complex structural models and relatively small sample
sizes [21], [22]. The analysis procedure consisted of two main stages. First, the measurement
model was assessed to examine reliability and validity. Convergent and discriminant validity
were evaluated based on the criteria proposed by Fornell and Larcker [23] and Henseler et al.
[24]. Second, the structural model was evaluated to test the proposed hypotheses. In addition,
multicollinearity and model robustness were examined following the guidelines suggested by
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Kock and Mayfield [25]. Based on the empirical results, managerial implications were
proposed to support Al adoption in agricultural enterprises.

4. RESULTS AND DISCUSSION

4.1. Sample Description

A total of 260 online survey responses were initially collected. After screening and
removing 9 invalid responses, the final sample consisted of 251 valid respondents from
agricultural enterprises in Ho Chi Minh City, Vietnam. As shown in Table 1, the gender
distribution was relatively balanced, with 125 male respondents (49.8%) and 126 female
respondents (50.2%). In terms of age, age groups from 31 to 35 accounted for the largest share
of the sample (30.7%, n = 77), whereas the range of age groups from 36 to 40 represented the
smallest share (n = 14). Regarding educational background, most respondents held a
bachelor’s degree (71.3%, n = 179), followed by a master’s degree (17.1%, n = 43).
Meanwhile, 10.0% of respondents (n = 25) reported other qualifications, and only 1.6% (n =
4) held a doctoral degree.

Table 1. Descriptive statistics

Group No. Content Count Percentage (%)
1 Male 125 49.8
Gender 2 Female 126 50.2
Total 251 100%
1 18 - 20 49 19.5
2 21-25 29 11.6
3 26 -30 21 8.4
Age 4 31-35 77 30.7
5 36 -40 14 5.6
6 Above 40 61 243
Total 251 100%
1 Bachelor 179 71.3
2 Master 43 17.1
Education 3 Ph.D 4 1.6
4 Others 25 10.0
Total 251 100%
1 Under 3 years 73 29.1
2 3 —under 5 years 70 279
Experience 3 5 —under 10 years 50 19.9
4 Above 10 years 58 23.1
Total 251 100%
1 Below 10 employees 65 25.9
2 10 — below 20 employees 41 16.3
Scale
3 20 — below 30 employees 78 31.1
4 30 —under 40 employees 67 26.7
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Group No. Content Count Percentage (%)
Total 251 100%

Source: Authors

With respect to work experience, respondents with less than three years of experience
constituted the largest group (29.1%, n = 73), followed by those with three to less than five
years of experience (27.9%, n = 70). Meanwhile, respondents with 10 years or more of work
experience accounted for 23.1% of the sample (n = 58), while those with five to less than ten
years of experience represented the smallest proportion (19.9%, n = 50).

In terms of firm size, most surveyed enterprises employed 20 to less than 30 employees
(31.1%, n = 78), followed by firms with 30 to less than 40 employees (26.7%, n = 67). In
addition, 25.9% of enterprises (n = 65) had fewer than 10 employees, whereas 16.3% (n=41)
employed 10 to less than 20 employees.

4.2. Evaluation of Measurement Model

54,923 "~ __57.275
PUZ  4—57.081—] 4181 » —ad60d—p U2

Figure 2. The nonogram of the Adjusted Model. Source: Authors

4.2.1. Indicator reliability

In this section, the reliability of the measurement indicators was assessed. According to
Hair et al. [21], evaluating indicator reliability is necessary to determine whether the observed
variables within each construct adequately represent the corresponding latent construct. In
PLS-SEM, indicators with outer loadings of 0.70 or higher are considered acceptable, while
those with loadings below 0.40 should be removed. For indicators with loadings between 0.40
and 0.70, the decision to retain or exclude them should be made based on their contribution to
the construct’s overall reliability and validity. The results show that the outer loadings of all
indicators were above 0.70, confirming satisfactory indicator reliability.

4.2.2. Scale reliability and Convergent validity

Subsequently, the internal consistency reliability of the constructs was examined using
Cronbach’s alpha, composite reliability (rho A), and composite reliability (tho C). Following
Hair et al. [21], values of 0.70 or above indicate satisfactory reliability, values of 0.60 or above
may be acceptable in certain cases, particularly in exploratory studies, whereas values
exceeding 0.95 may indicate potential item redundancy. According to Table 2, all reliability
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estimates were above 0.70 and below 0.95, confirming that the measurement scales
demonstrated adequate internal consistency reliability.

Table 2. Construct Reliability and Validity

Cronbach’s Alpha rho A Composite Reliability AVE
AT 0.916 0.917 0.947 0.857
EE 0.928 0.929 0.949 0.823
FC 0.906 0.907 0.935 0.781
U 0.893 0.893 0.933 0.823
PE 0.914 0.915 0.939 0.795
PU 0.936 0.936 0.950 0.795

Source: Authors

Furthermore, convergent validity was evaluated using the Average Variance Extracted
(AVE). According to Hock and Ringle [22], an AVE value of 0.50 or higher indicates that a
construct explains at least 50% of the variance in its indicators and is therefore considered
acceptable. As reported in Table 2, all constructs exhibited AVE values above 0.50,
confirming that the measurement model achieved satisfactory convergent validity.

4.2.3. Discriminant validity (Fornell and Larcker, HTMT)

Subsequently, discriminant validity was examined to ensure that each latent construct
was distinct from the other constructs in the model. This was assessed using both the Fornell—
Larcker criterion and the heterotrait—-monotrait ratio (HTMT). Following Fornell and Larcker
[23], the correlation between any two constructs should be lower than the square root of the
AVE of each construct involved in the comparison. In addition, Henseler et al. [24] suggested
that HTMT values below 0.90 indicate acceptable discriminant validity. In Tables 3 and 4, the
results show that all constructs met both criteria, thereby confirming adequate discriminant
validity and indicating that the measurement model was suitable for subsequent structural
model assessment.

Table 3. Fornell-Larcker

AT EE FC Iu PE PU
AT 0.926
EE 0.619 0.907
FC 0.649 0.804 0.884
U 0.820 0.644 0.683 0.907
PE 0.609 0.840 0.740 0.548 0.892
PU 0.743 0.689 0.675 0.770 0.670 0.892

Source: Authors

Table 4. HTMT ratio

AT EE FC U PE PU
AT
EE 0.670
FC 0.709 0.776
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U 0.889 0.706 0.757
PE 0.664 0.893 0.813 0.604
PU 0.803 0.738 0.731 0.842 0.723

Source: Authors
4.3. Evaluation of Structural Model
4.3.1. VIF (Collinearity)

To assess potential multicollinearity in the measurement model, the authors examined the
variance inflation factor (VIF) values of the indicators based on the guideline proposed by
Hair et al. [21]. According to this recommendation, VIF values below 3.0 indicate that
collinearity is not a critical issue. The results show that the VIF values for all measurement
indicators, including PU1, PU2, PU3, PU4, PE1, PE2, PE3, PE4, EE1, EE2, EE3, EE4, FC1,
FC2,FC3,FC4, AT1, AT2, AT3,1U1, IU2, IU3, are below the threshold of 3.0. These findings
suggest that no multicollinearity problem is present in the measurement model.

Common method bias (CMB) was assessed through the examination of the inner model’s
Variance Inflation Factor (VIF) values. Based on the criterion proposed by Ned Kock [25],
VIF values below 3.33 indicate the absence of substantial common method variance. Given
that all VIF values in the present study were below the recommended cutoff, common method
bias was deemed unlikely to affect the validity of the results.

4.3.2. Path Coefficients

Based on the bootstrapping results presented in Table 5, attitude toward Al adoption (AT)
was found to have a direct positive and statistically significant effect on intention to adopt Al
(IU) (B = 0.513, p < 0.001). Meanwhile, effort expectancy (EE) showed a positive and
statistically significant effect on IU (= 0.182, p=0.017). However, the results did not support
the relationship between EE and AT (B =—0.005, p = 0.973). Similarly, perceived ease of use
(PE) was not found to significantly influence AT. Nevertheless, PE had a positive and
statistically significant effect on perceived usefulness (PU) (B = 0.670, p < 0.001) and a
negative but statistically significant effect on IU (p = —0.270, p = 0.002). In addition, the
remaining two constructs, facilitating conditions (FC) and perceived usefulness (PU), both
exhibited positive and statistically significant effects on AT and IU, respectively.

Table 5. Path Coefficients

Original Sample | Sample Mean | Standard Deviation | T- Statistic | p-value
AT ->1U 0.513 0.513 0.075 6.820 0.000
EE -> AT -0.005 0.011 0.133 0.034 0.973
EE ->1U 0.182 0.174 0.076 2.399 0.017
FC > AT 0.228 0.232 0.100 2.294 0.022
FC->1U 0.190 0.186 0.065 2.925 0.004
PE > AT 0.085 0.072 0.151 0.560 0.576
PE >1U -0.270 -0.257 0.087 3.098 0.002
PE ->PU 0.670 0.668 0.045 14.744 0.000
PU > AT 0.536 0.532 0.061 8.752 0.000
PU ->1U 0.316 0.316 0.074 4.264 0.000

Source: Authors
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In the previous section above, hypothesis Hj, predicted that Perceived Ease of Use would
positively influence firms’ intention to adopt Al in business operations. Nevertheless, the
empirical analysis revealed a statistically significant but negative relationship between PE and
IU (B =-0.270, p = 0.002). Since the direction of the relationship was inconsistent with the
proposed hypothesis, Ha, was not supported by the data.

4.3.3. Specific Indirect Effects

Furthermore, the study assessed the indirect effects to examine the mediating role of
attitude toward Al adoption (AT) in the relationships between PU, PE, EE, FC, and IU. In
addition, the mediating role of perceived usefulness (PU) was evaluated in the relationship
between PE and IU, as well as between PE and AT.

The results reported in Table 6 reveal that AT serves as a significant mediator in the
relationships between FC and IU and between PU and IU. However, the indirect effects of PE
and EE on [U through AT are not statistically significant, indicating that the mediating role of
AT is not supported in these two relationships (p > 0.05). In contrast, PU significantly mediates
the relationship between PE and IU (B =0.212, p < 0.001) as well as the relationship between
PE and AT (f = 0.359, p <0.001).

Table 6. Specific Indirect Effects

ggiriﬁil Sample Mean S:rilggii T- Statistic vflile
FC->AT->1U 0.117 0.120 0.056 2.082 0.038
PE > AT > 1U 0.043 0.032 0.076 0.569 0.570
PU -> AT ->1U 0.275 0.273 0.051 5.373 0.000
EE -> AT ->1U -0.002 0.010 0.069 0.034 0.973
PE > PU > IU 0.212 0.211 0.049 4.309 0.000
PE > PU -> AT 0.359 0.356 0.047 7.593 0.000

Source: Authors

The inclusion of mediation analysis involving AT and PU substantially improves the
theoretical rigor of the proposed research model. The results presented in Table 6 demonstrate
that AT significantly mediates the relationships between FC and U, as well as between PU
and [U. Notably, the indirect effect of PU on IU through AT was statistically significant and
relatively strong, emphasizing the importance of attitude as a key psychological mechanism
linking perceived technological benefits to adoption intention. Furthermore, the findings
indicate that PU serves as a significant mediator in the relationship between PE and both AT
and IU. This suggests that enterprises’ expectations regarding the performance-enhancing
capabilities of Al technologies indirectly influence attitudes and adoption intention through
increased perceptions of usefulness. Taken together, these mediation effects provide deeper
insight into the cognitive and attitudinal mechanisms underlying Al adoption behavior. By
incorporating both AT and PU as mediating constructs, the study offers a more comprehensive
explanation of how technological perceptions are translated into behavioral intention, thereby
reinforcing the integration of TAM and UTAUT within the context of Al adoption in
agricultural enterprises.

4.3.4. R-square and f (effect side)

The coefficient of determination (R?) reflects the proportion of variance in an endogenous
construct that can be explained by its corresponding predictor variables in the structural model.
As shown in the results, the adjusted R? values are 0.589 for AT, 0.788 for IU, and 0.447 for
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PU. This indicates that the latent variables included in the model explain 78.8% of the variance
in [U, 58.9% of the variance in AT, and 44.7% of the variance in PU, respectively.

In Table 7, the authors present a summary of the hypothesis testing outcomes for all
proposed relationships in the study. The results show that 11 out of 15 hypotheses are
supported, while the remaining 4 hypotheses are not supported.

Table 7. Summary of the Hypothesis Testing

No | Hypothesis Direct and Indirect Path p-value Supported
1 Hia PU -> AT 0.000 Supported
2 Hip PU->1U 0.000 Supported
3 Hic PU > AT ->1U 0.000 Supported
4 Ha, PE -> AT 0.576 Not supported
5 Hap PE ->1U 0.002 Not supported
6 Hac PE ->PU 0.000 Supported
7 Haq PE -> AT ->1U 0.570 Not supported
8 Hae PE -> PU -> AT 0.000 Supported
9 Hor PE >PU ->1U 0.000 Supported
10 Hsa EE -> AT 0.973 Not supported
11 H3p EE ->1U 0.017 Supported
12 Hac EE > AT >1U 0.973 Not supported
13 Hua FC > AT 0.022 Supported
14 Hap FC->1U 0.004 Supported
15 Hac FC-> AT >1U 0.038 Supported

Source: Authors
5. CONCLUSION

The findings suggest several important recommendations for promoting Al adoption in
the business operations of agricultural enterprises. Firstly, organizations should prioritize
enhancing Perceived Usefulness of Al (PU), as it is the strongest predictor of both Attitude
towards Al adoption (AT) and Intention to adopt Al (IU). Enterprises should therefore
emphasize the tangible benefits of Al, such as improved efficiency, better decision-making,
and stronger competitive performance. Secondly, the findings provide an unexpected insight
into the relationship between Perceived Ease of Use of Al (PE) and firms’ intention to adopt
Al in business operations. This result contradicts the traditional assumptions of TAM, in which
ease of use is typically expected to positively influence adoption intention [15]. Consistent
with the Technology Acceptance Model (TAM), prior studies have generally reported that
technologies perceived as easier to use are more likely to be accepted and adopted. However,
the present study identified a significant negative effect of PE on Al adoption intention,
suggesting that higher perceptions of Al ease of use do not necessarily translate into stronger
adoption intentions among agricultural enterprises. A possible explanation is that, in the
context of Al technologies, systems perceived as overly simple may be interpreted as lacking
sophistication or advanced capabilities. In agricultural enterprises, Al is often associated with
complex analytics, automation, and intelligent decision-making tools [11]. Therefore,
technologies that appear too easy to use may be perceived as less powerful or less suitable for
strategic business applications. This finding suggests that, in certain contexts, perceived
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complexity may signal higher technological value, leading to a negative relationship between
perceived ease of use and adoption intention. Moreover, the non-significant relationships
between perceived ease of use and attitude, as well as between effort expectancy and attitude,
suggest that firms’ attitudes toward Al adoption are primarily driven by perceived benefits
rather than usability factors. This finding aligns with prior research indicating that
organizations tend to prioritize performance-related outcomes when evaluating advanced
technologies [12], [13]. In the context of Al adoption, decision-makers may focus more on the
expected contributions of the technology to efficiency, productivity, and competitive
advantage rather than on ease of use. Thirdly, by contrast, Effort Expectancy (EE) was found
to exert a significant influence on Al adoption intention. This finding supports the Unified
Theory of Acceptance and Use of Technology (UTAUT), which posits that organizations are
more inclined to adopt emerging technologies when they perceive the effort required for
learning and implementation to be reasonable and manageable. Fourthly, given the significant
role of Facilitating Condition (FC), firms should invest in technical infrastructure,
organizational support, and leadership commitment to create an enabling environment for Al
adoption. Finally, since AT mediates the effects of PU and FC on IU, managers should actively
foster positive employee attitudes by framing Al as a supportive and value-creating technology
rather than a disruptive threat. Collectively, these strategies can enhance organizational
readiness and strengthen the successful adoption of Al in the business operations of
agricultural enterprises. Finally, the mediation analysis provides deeper insights into the
cognitive and attitudinal mechanisms underlying Al adoption. The significant mediating role
of attitude between perceived usefulness and intention confirms that cognitive evaluations are
translated into behavioral intentions through affective responses, consistent with attitude-
behavior theory [16]. Furthermore, the results demonstrate that perceived usefulness plays a
crucial mediating role in the relationship between perceived ease of use and both attitude and
intention. This finding reinforces the central role of perceived usefulness in TAM, suggesting
that ease of use indirectly influences adoption through its impact on perceived benefits [15].
In contrast, the mediating role of attitude was not supported in the relationships involving
perceived ease of use and effort expectancy, indicating that these factors do not substantially
influence intention through attitudinal pathways.

From a managerial perspective, the findings provide meaningful implications for
managers, and Al technology providers in the agricultural sector. Business leaders should
develop comprehensive digital transformation strategies that embed Al technologies into core
operational activities, including production management, supply chain optimization, customer
relationship management, and predictive analytics. In addition, organizations should
implement continuous Al training and upskilling programs to strengthen employees’
technological competencies and reduce resistance to organizational change. Managers are also
encouraged to cultivate an innovation-oriented organizational culture that supports
experimentation, collaborative learning, and the effective implementation of Al technologies.

From a theoretical standpoint, this study enriches existing literature by integrating key
constructs from the Technology Acceptance Model (TAM) and the Unified Theory of
Acceptance and Use of Technology (UTAUT) to explain Al adoption intention within
agricultural enterprises. The study also contributes to prior research by confirming the
mediating role of attitude toward Al adoption in the relationships between technological
perception factors and behavioral intention. This study also contributes to the literature by
extending the application of TAM and UTAUT to the context of Al adoption in agricultural
enterprises, which remains relatively underexplored. Previous studies have primarily focused
on consumer technologies or general organizational adoption [8], whereas this study provides
empirical evidence on Al adoption within a specific and economically important sector. In
addition, the study highlights the distinct roles of perceived ease of use and effort expectancy,
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as well as the mediating effects of perceived usefulness and attitude, thereby offering a more
comprehensive understanding of technology adoption mechanisms [15], [17].

While this study contributes to the growing literature on Al adoption in agricultural
enterprises, several limitations should be recognized. Firstly, the empirical investigation was
limited to agricultural enterprises operating within a specific geographical context, potentially
constraining the generalizability of the findings to other industrial sectors or international
settings. Future research could address this limitation by undertaking cross-industry and cross-
cultural comparative analyses. Secondly, this study mainly focused on individual perception-
based determinants of Al adoption intention. Other organizational and environmental factors,
including organizational culture, innovation capability, financial readiness, competitive
pressure, and institutional support, were not incorporated into the conceptual framework.
Incorporating these variables in future research may provide a more comprehensive
understanding of the mechanisms underlying Al adoption behavior.
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