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Abstract—Artificial Intelligence (AI) technology has significantly
changed education by improving agility, flexibility, and access to
knowledge. Students, especially in higher education including
those in Industrial Education, engage with Al influencing their
perceptions and behaviors. This research aims to explore the
causal relationships between Al learning experiences (Stimulus:
S; Al Accuracy Experience: ACC, Al Insight Experience: INS,
and Al Interactive Experience: INT) and perceptions, attitudes
(Organism: O; Perceived Usefulness of Al: PU, Perceived Ease
of Use of AI: PEOU), and Attitude toward Al Use: ATT), and
intentions to use AI (Response: R; Behavioral Intention to Use
Al: BEH) among Industrial Education students, using the
Stimulus-Organism-Response model (SOR model) framework.
This study utilized a quantitative methodology with a sample of
300 undergraduate Industrial Education students in Thailand.
Data was collected via a 21-item questionnaire using a S-point
scale (I0OC = 0.670-1.000; Cronbach’s a = 0.841-0.917) and
analyzed using descriptive statistics and Structural Equation
Modeling (SEM) in Jamovi version 2.4.1.1. The research
findings reveal that Industrial Education students’ intention to
use Al (BEH) is directly influenced by their attitude towards Al
(ATT), with a coefficient () of 0.103*(p < 0.050). Their
intention is also indirectly affected by their experience with Al
(ACC, INS, INT) through their perceptions (PU, PEOU) and
attitude (ATT), with coefficients (B) of 0.106* (p < 0.050) and
—0.307**(p < 0.010). The model aligns well with the empirical
data. The research indicates that Al experience, perception, and
attitudes are interconnected factors influencing the intention to
use Al in learning. This emphasizes the need for learning
systems that enhance Al experiences, and foster awareness and
positive attitudes, ultimately benefiting students in industrial
education and beyond. These findings can guide policy and
curriculum development in the Al-driven learning and Industry
4.0 contexts.

Keywords—Artificial  Intelligence (AI) learning usage
experience, perceived usefulness of Al, perceived ease of use of
Al, attitude toward Al use, behavioral intention to use Al,
Stimulus-Organism-Response (SOR) model
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I. INTRODUCTION

Over the last decade, Artificial Intelligence or Artificial
Intelligence (AI) has risen to center stage, becoming a crucial
innovation that is fundamentally reshaping the fabric of
society, the global economy, and our everyday lives [1-3]. Al
not only serves as a tool to support human work, but has also
evolved into an adaptable technology that has spread through
every sector, including industry, health, service industry, and
education [4, 5]. This transition clearly signals that the
education system cannot continue in its traditional form.
Instead, it must adapt to a new learning paradigm in which Al
becomes a vital mechanism in support of teaching and
learning.

The consequences of this structural transformation in
education are evident in at least four key
dimensions [2, 3]: (1) learning structures that shift from
traditional to digital, personalized, and lifelong learning
formats; (2) pedagogical structures that reimagine teachers
from knowledge transmitters to facilitators and learning
coaches; (3) assessment structures that shift from
standardized tests to Al-powered analytical assessments that
can reflect real-time results; and (4) policy and infrastructure
structures that emphasize investment in data and digital skills
to support modern learning, particularly in the field of
industrial education where learners need to develop technical
and operational skills to meet the demands of the Industry 4.0
workforce. These factors make Al skills and digital ethics an
urgent need for learners and educational institutions
alike [6, 7].

For Generation Z undergraduate students in Industrial
Education in Thailand—youths growing up as “Digital
Natives in the digital world”—the application of Al in the
learning process directly impacts their digital experiences
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and behaviors [8—10]. With their high level of digital
familiarity and skills, Generation Z can fluently use
Al-powered platforms to create and manage their own
learning, particularly by simulating manufacturing processes,
designing, using CAD/CAE, and solving engineering
problems in virtual labs—a key context in industrial
education. It presents an academic challenge to obtain an
in-depth understanding of how AI learning experiences
influence the perceived usefulness of Al, perceived ease of
use, attitudes toward Al use, and intentions with regard to
using Al in the development of higher education students.
Knowledge gained from such studies will not only fill
theoretical gaps but also have the potential to inform
policymaking and those involved in learning system design
in such a way as to effectively support future learners.

Despite  the widespread adoption of Al in
education [11, 12], research on its actual impact on learner
experiences and behavior remains limited. Most research
concentrates on infrastructure and technical aspects, while
user behavior, especially among Generation Z university
students has not been adequately studied. In the absence of
empirical  evidence, educational institutions and
policymakers struggle to build effective, sustainable Al
learning ecosystems.

Consequently, this research sought to investigate the
causal relationships between Al learning experiences and
their impact on perceived usefulness and perceived ease of
use of Al as well as attitudes towards Al usage and the
intention to use Al among Generation Z Industrial Education
students in Thailand. The study aimed to build and test a
causal model utilizing Structural Equation Modeling (SEM)
techniques to explore how three dimensions of Al learning
experiences—accuracy and precision of Al (ACC), depth of
Al (INS), and user Interaction Experience (INT)—affect
perceived usefulness of Al (PU), perceived ease of use of Al
(PEOU), and attitudes toward Al use (ATT). Moreover, it
examined whether these factors affect students’ current
intentions to use Al (BEH).

From a review of research, it was found that most studies
on the variables relating to Al use for learning at the higher
education level still rely on technology acceptance
frameworks such as the Technology Acceptance
Model (TAM) and the Unified Theory of Acceptance and
Use of Technology (UTAUT) and [2, 5, 6, 10, 13], which can
explain Al usage behavior in terms of usability perceptions
such as usefulness and ease of use.

However, the TAM and UTAUT frameworks have
significant limitations, namely their inability to clearly
explain variables such as how the learning experience
students receive from directly using Al affects the formation
of attitudes and intentions to use it. This is especially true in
the context of those Generation Z students who focus on
practical learning, such as in Industrial Education students,
where Al functions as part of the learning environment rather
than just as a technological tool.

Furthermore, the aforementioned research [2, 5, 6, 10, 13]
also focuses on measuring Al acceptance in an abstract sense.
Moreover, it neglects various dimensions of the Al learning
experience such as Al Accuracy and Accuracy
Experience (ACC), Al Insight Experience (INS), and user
Interaction Experience (INT). These are important

components that determine how learners Perceive the
Usefulness (PU), Ease of Use (PEOU), and Attitude Towards
Al Use (ATT), and ultimately whether they develop an
intention to continue using it (BEH).

This research gap is clearly visible in the context of
Thailand, especially in the field of industrial education,
which is in the process of transitioning into the digital
learning era under the Thailand 4.0 policy, emphasizing the
readiness of the technological infrastructure, as well as the
forms of Al learning, which differ significantly from that
found in developed countries [9, 11].

This situation has led Generation Z students in Thailand to
begin using Al for learning research, analysis, and practical
application. This helps to explain and build a deeper
understanding of the causal relationship between the three
dimensions of Al learning experience variables.

In conclusion, this research has a theoretical strength that
distinguishes it from previous work: the integration of the
Stimulus-Organism-Response model (SOR) framework with
the three dimensions of Al Learning Experience (ACC, INS,
INT) with Perceived Variables (PU, PEOU) and Attitudinal
Variables (ATT) to explain the Behavioral Intention (BEH)
variable, specifically focusing on Generation Z Industrial
Education students in Thailand. This not only overcomes the
limitations of the TAM/UTAUT framework but also expands
knowledge by applying a psychological framework to the
context of Al learning, a focus of research that is relatively
limited. The research questions are as follows:

RQ1: How do the three dimensions of Al learning
experience, namely ACC, INS, and INT, influence PU and
PEOU among Generation Z Industrial Education students?

RQ2: How do PU and PEOU influence ATT among
Generation Z Industrial Education students?

RQ3: How does ATT among Generation Z Industrial
Education students influence their BEH in Industrial
Education?

II. LITERATURE REVIEW

A. SOR Model

The SOR model conceptual framework has roots in the
field of environmental psychology. It was first proposed in
1974 by Mehrabian and Russell [14-16] to explain the
mechanisms by which external stimuli influence individuals’
internal states and lead to behavioral responses. This
framework is based on the psychological assumption that
“human behavior is not solely driven by direct stimuli, but
undergoes internal, rational, and emotional processing before
decision-making”.

However, Bunea ef al. [16] and Sivasothey et al. [17]
further explained that the SOR model can be applied to
effectively evaluate an individual’s hierarchical thought
processes, beginning with the reception of external
stimuli (Stimulus: S). Individuals then engage in an internal
interpretation and understanding process (Organism: O),
which ultimately leads to an appropriate response (Response:
R) to the stimuli they receive. This conceptual framework is
therefore an important mechanism for understanding the
causal relationships among the environment, psychological
states, and expressed behaviors, consistent with research
perspectives on technology acceptance and the study of
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technology user behavior. The SOR model conceptual
framework is summarized in Fig. 1.

In Fig. 1, it can be seen that the conceptual framework of
the SOR model comprises three important elements that are
horizontally linked:

S is external stimuli or environmental factors that have the

Al

potential to capture attention, generate perception, or elicit
cognitive and emotional reactions. In the AI context for
learning, a stimulus presents three dimensions of interaction
quality and user experience: ACC, INS, INT. All of these
serve as the starting point for the ongoing cognitive and
behavioral process [18].

Al

) LY L a =
= o p
Q 'l‘i’A (Al
Al Bﬂ ‘Al
Stimulus

~ Organism

Response

Fig. 1. SOR model.

O represents an individual’s internal state after exposure to
a stimulus, encompassing both cognitive and emotional
dimensions such as perceived usefulness, evaluation of
usefulness (usefulness), perceived ease of use (ease of use),
attitudes toward use (attitudes), and psychological readiness.
These factors serve as important mediators that directly
connect external stimuli to response behavior [19].

R presents response behavior or behavioral intention,
which emerges from an individual’s internal evaluation. This
research emphasizes explicitly the intention to continue using
Al for learning and its acceptance as part of future
educational strategies [20-22].

In summary, the conceptual framework of the SOR model
not only focuses on the relationships among stimuli, internal
states shaped by attitudes toward Al use, and response
behaviors, but also illustrates the step-by-step process of
individual decision-making. It makes it particularly suitable
for examining the behavioral intentions to use Al in learning.

Thus, the SOR model conceptual framework is well-suited
for this study, as it clarifies and enhances our understanding
of the causal relationship among three dimensions of Al
learning experiences: ACC, INS, INT, PU, PEOU, ATT, and
BEH among Generation Z university students majoring in
Industrial Education. The researchers selected the model for
the following reasons:

(1) The SOR model’s conceptual framework is
comprehensive in terms of explaining the process of
linking from the experience of using Al for learning to the
behavioral intention to use it. That is, it can explain the
transition from external stimuli, namely the variable of
experience of using Al for learning, through the internal
evaluation process, namely the variable PU, the variable
PEOU, and the variable ATT, to the behavioral response,
namely the variable of BEH systematically, with
theoretical support.

(2) This model is highly flexible in terms of its application to
emerging technologies, particularly AI for learning,
which are rapidly changing contexts. This flexibility
allows it to comprehensively account for external
factors—technological stimuli—and internal
psychological factors (PU and PEOU).

(3) The SOR model’s conceptual framework has been

supported by previous research with regard to technology
acceptance and user behavior. It has been consistently
adopted as a primary framework due to its ability to
clearly explain the causal relationship between user
experience and user behavior [23, 24].

For these reasons, the selection of the SOR model
framework for this study is theoretically appropriate, as it can
systematically explain causal relationships. Furthermore,
applying research findings to policy design and Al-based
learning models is appropriate for Generation Z learners in
the Industrial Education field.

B. AI Learning Experiences

In the SOR model framework, the stimulus (S) variable
represents external factors that influence a person’s internal
state (O) and lead to behavioral responses (R). Particularly in
the context of digital learning, an important stimulus is the
experience of using Al for learning, which is a key
mechanism that determines how learners will perceive and
accept the use of new technologies. From a review of the
literature, it was found that the experience of using Al for
learning can be classified into three dimensions: ACC, INS,
INT. These are crucial drivers of PU, PEOU, ATT, and BEH
among the target population [25-28].

1) Al accuracy experience

Al Accuracy Experience (ACC) refers to an AI’s ability to
provide accurate, reliable, and relevant answers or
recommendations with regard to learners’ needs. This
accuracy not only builds trust but also directly affects
students’ PU and PEOU in industrial education [25, 26]. The
literature review indicates that the ACC contributes to more
favorable attitudes toward Al and boosts the likelihood of
continued usage [27, 28]. Based on this evidence, the
researchers suggest the following hypotheses:

H1: AI Accuracy Experience: ACC affects PU among the
target population.

H2: AI Accuracy Experience: ACC influences the PEOU
of Al among the target population.

2) Al insight experience

Al Insight Experience (INS) refers to Al’s ability to
analyze in such a way as to provide deep learning-based
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insights and feedback that helps learners systematically
understand content and make effective learning decisions.
Accurate and appropriate insights not only increase PU and
PEOU, but also influence ATT and BEH. The review of the
literature found that in-depth experiences with Al are a key
factor in increasing learners’ appreciation of Al and their
acceptance of long-term use [25, 27, 29-31]. Therefore, the
researchers suggest the following hypotheses:

H3: In-depth experiences with AI: INS affect the PU of the
target population.

H4: In-depth experiences with Al: INS affect the PEOU of
target population.

3) Al interactive experience

Al Interactive Experience (INT) refers to the interaction
between learners and Al systems to provide real-time
feedback. Al is, therefore, a virtual assistant that adapts itself
to user behaviors. Smooth, efficient interactions help learners
feel engaged and satisfied with their learning. From the
literature review, INT directly affects PU, PEOU, ATT, and
BEH [25, 27, 29-31]. Therefore, the researchers suggest the
following hypotheses:

HS: User Experience Interaction: INT influences the PU
among the target population.

He6: User Experience Interaction: INT significantly
influences the PEOU for the target population.

From the above review of the literature, it is concluded that
the three dimensions of Al learning experience (ACC, INS,
and INT) act as the main stimuli that stimulate the Organism,
namely, PU, PEOU, and ATT, which then lead to the
response in the form of BEH. The integration of the three
dimensions of Al learning experience reflects the complex
dynamics of the decision-making process for using Al
technology among the target population, and is an important
reason why the SOR model’s conceptual framework is
appropriate for this study.

C. Perceptions and Attitudes toward Use

According to the SOR model framework, the Organism
variable represents the internal state of a person that occurs
after exposure to stimuli (S). It plays a mediating role in
conveying the impact of the three main dimensions of Al
learning experience variables (ACC, INS and INT) to the
internal state of a person (O), which consists of PU, PEOU,
and ATT, which reflects both the cognitive and affective
dimensions of the learner [32-36].

1) Perceived usefulness of Al

Perceived Usefulness of Al (PU) shows belief on the part
of the learner as to the ability of Al to enhance learning
efficiency and improve academic performance. The literature
review focuses on the significance of PU as a crucial
mediator that links the experience of utilizing Al for learning
through three key dimensions: ACC, INS, and INT. ATT
mediate this relationship and BEH [34, 37—41]. Furthermore,
Zhou et al. [39] found that PU has a direct impact on ATT
and BEH. From these findings, the researchers suggest the
following hypothesis:

H7: The perceived usefulness of Al: PU influences ATT
among the target population.

2) Perceived ease of use of Al
Perceived Ease of Use of Al (PEOU) refers to learners’

perception that Al is easy to use and requires little effort. The
literature review indicates that the PEOU is shaped by
experiences with Al in learning, primarily through three
dimensions: accessibility (ACC), instructor support (INS),
and interaction (INT) [42—45]. Furthermore, PEOU affects
ATT and BEH [34]. Consequently, the researchers suggest
the following hypothesis:

H8: Perceived ease of use of Al (PEOU) influences the
ATT of the target population.

3) Attitude toward Al use

Attitude toward Al Use (ATT) refers to learners’ positive
or negative evaluation of Al use for learning. This is a
practical outcome resulting from the PU and the PEOU. The
review of the literature reveals that numerous studies confirm
that ATT is a key variable influenced by PU and PEOU,
which in turn influences BEH [19, 21, 22, 46, 47].
Furthermore, Haley et al. [20] found that students who
perceived Al as helpful and easy to use tended to have
positive attitudes toward its use. Allen et al. [45] indicated
that positive attitudes directly influence BEH. Consequently,
the researchers suggest the following hypothesis:

H9: Attitude toward Al use (ATT) influences the BEH of
the target population.

D. Behavioral Intention to Use Al

According to the SOR model framework, the Response (R)
variable refers to learners’ behavioral intentions to use Al
after completing the internal assessment (O). In this research,
the Response variable is BEH, a downstream variable
reflecting the learner’s decision to accept Al as part of the
learning process.

Al Use Intention (BEH) refers to learners’ intention to use
Al in their learning continuously. The literature
review indicates that ATT has a direct influence on
BEH [19, 21, 22, 46, 47]. Furthermore, Rathod et al. [43]
noted that ATT acts as a mediator between PU and PEOU,
significantly impacting BEH.

E. The Relationships between Stimulus, Organism, and
Response

Under the SOR model framework, the relationship
between Stimulus (S), Organism (O), and Response (R) can
be clearly explained in a hierarchical causal manner, with the
three main dimensions of Al learning experience
variables (ACC, INS, and INT) acting as stimuli that
stimulate learners’ internal perceptions and evaluations at the
Organism level, consisting of variables such as PU, PEOU,
and ATT. These interpretation processes lead to the creation
of a rational and emotional understanding of Al use.

When learners perceive Al as applicable (PU), easy to
use (PEOU), and have a positive attitude (ATT) towards
using Al, these psychological processes are reflected in the
response, namely Al Use Intention (BEH). The review of the
literature found that the path from Stimulus — Organism —
Response is not just a correlational relationship, but a causal
process that accurately explains technology
adoption [19, 48, 49].

In summary, this hierarchical relationship demonstrates
that stimuli from Al use experiences can be systematically
transformed into internal evaluations at the Organism level
and finally reflected as behavioral responses in the form of
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BEH, which reflects the consistency of the SOR model’s
conceptual framework with the context of Al use with regard
to the target population.

F. FEthical Dilemmas and Risks of Al in Higher Education

The expansion of Al applications in higher education has
raised vital ethical concerns and perception of risk. Therefore,
these aspects should be considered alongside the educational
benefits. One major issue is algorithmic bias, as Al trained on
historical data may use inaccurate datasets, resulting in low
levels of accuracy or incorrect outcomes [21, 43, 47, 48].
This is particularly problematic when Al is used in
personalized learning, making academic mentoring crucial
for learners. In addition, learners need to be taught to be
Al-savvy.

Another critical issue is data privacy and monitoring. Al
learning platforms gather extensive data about learners, for
example, with regard to learning behavior and personal
information, leading to an increase in data ownership risks. It
is important to require informed consent for suitable data
use [24, 29, 35, 48]. Lack of clear oversight could lead to
privacy violations.

Additionally, academics indicate the risk of over-reliance
on the use of Al, resulting in a decrease in critical thinking
skills and self-learning abilities, a drop in in-depth
knowledge, impaired decision-making, and impacts on
attitudes and motivation, all of which could affect learning
and/or encourage plagiarism. These are considered negative
impacts of Al [26, 33, 41, 48]. The digital divide is also a
significant ethical issue, as unequal access to Al technology
could create a gap between learners, especially in emerging
economies such as Thailand [34-36, 48, 49].

The ethical risk aspect reflects the need to consider more
than just the acceptance of technology in order to understand
the role of Al in higher education. Under the SOR model,

ethical concerns and perceived risk both influence learners’
cognitive and emotional assessments of Al, which in turn can
affect their attitudes and behavioral intentions when it comes
to using it. Therefore, interpreting research findings on
Al-based learning experiences should be based on the ethical
and risk contexts of Al in higher education institutions.

G. Conceptual Model

Based on the above literature analysis, the researcher
developed a conceptual model, referencing the SOR model
framework, to explain the dynamics of Al use in learning
among Generation Z students in Industrial Education
programs.

Stimulus (S) represents the experience of using Al for
learning, which consists of three dimensions: (1) ACC, (2)
INS, and (3) INT. These three dimensions reflect the
characteristics of the learner-Al interaction that have the
potential to stimulate internal perception and evaluation.

Organism (O) consists of PU, PEOU, and ATT. PU and
PEOU act as cognitive mediators, translating the impact of
stimuli to internal evaluation processes, while ATT is an
affective mediator, reflecting learners’ attitudes toward Al
use.

Response (R) represents the BEH, the end output that
reflects the learner’s intention to accept and continuously use
Al to support learning.

In summary, this theoretical framework illustrates a causal
pathway from Stimulus — Organism — Response that links
Al use experiences (ACC, INS, and INT) to cognitive
mechanisms (PU and PEOU) and attitudes (ATT), leading to
Al use intention (BEH), which is consistent with the stated
research hypotheses HI-H9. The theoretical framework is
summarized in Fig. 2. This shows the causal relationship
pathways developed based on the SOR model framework.

Stimulus

Organism

Response

Al Accuracy
Experiences

Perceived
Usefulness of AI

Al Insight
Experience

Perceived Ease of
Use of Al

Al Interactive
Experience

* H stands for Hypothesis.

Behavioral Intention
to Use Al

Attitude Toward
Al Use

Fig. 2. Theoretical path model framework.

H. Theoretical Implications and Research Hypotheses

In summary, this research has integrated the SOR model’s
conceptual framework into the context of Al learning for

Generation Z students in the Industrial Education. The
variables of ACC, INS, and INT are considered as stimuli
affecting Organisms, namely, PU, PEOU, and ATT. These
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stimuli are then reflected in the Response as the BEH variable.

This conceptual framework not only broadens the application
of the SOR model in digital education environments but also
makes new contributions by linking Al user insights to
explain learner behaviors causally. The results of the
developed model are expected to have both theoretical
(enhancing understanding of the causal mechanisms of Al
adoption) and applied (serving as an empirical database for
designing Al learning policies and systems suitable for
new-generation learners).

III. METHODOLOGY

A. The Synthesis of the Latent Variable Items Involves the
Following Steps

The researcher conducted a data search of the Scopus

database to synthesize a list of latent variables under the
conceptual framework of the SOR model by defining latent
variables in terms of 3 main components: Stimulus (S)—the
variable of experience with regard to using Al for learning
(ACC, INS and INT), Organism (O)—the variable of
perception and attitude (PU, PEOU and ATT), and Response
(R)—the variable of intention to use Al (BEH). Selected from
124 related research studies, the researcher synthesized the
studies using a 50% frequency criterion, following the
approach of Suwanroj et al. [11]. Such an operation ensured
that the selected variable list reflects both systematicity and
theoretical validity (as shown in Tables 1 and 2).

Table 1. Results of latent variable synthesis

Lafent Construct Definitions Sources
Variable
1. ACC S AD’s ability to provide answers or recomrlnendatiyons that are accurate, reliable, and relevant to the [25,27,29-31]
earner’s needs.
AU’s ability to analyze data and provide insights that support learner learning. This insight helps learners better
2.INS S - . .. [25,27,29-31]
understand content and make effective learning decisions.
Interactions between learners and Al systems, such as real-time feedback, virtual assistants, or adaptive
3. INT S learning. Good interaction creat £ t i d satisfaction for | [25,27,29-31]
earning. Good interaction creates a sense of engagement, convenience, and satisfaction for learners.
4.PU o Leamers’ belief that using Al will improve learning efficiency and make learning work more effective. [34,37-40]
5. PEOU (6] The learner’s convenience and ease in using Al without much effort. [42-45]
6. ATT (6] Positive or negative feelings that learners have towards using Al for learning. [19,21,22,46,47]
7. BEH R Learners’ intention to use Al in the learning process. [27,49-51]
Table 2. Abbreviations of latent and observed variables
Latent Variable Observed Variable
ACCl1 The results obtained from the Al that I use are often factually accurate.
1. ACC ACC2 Al results are often inaccurate or inaccurate. (Reverse)
ACC3 When using Al, the results often do not need much editing or improvement.
INS1 Al provides me with new insights or ideas that help me learn.
2.INS INS2 Using Al did not improve my understanding of the material I was learning. (Reverse)
INS3 The data or summaries from Al enhance my understanding and analysis.
INT1 Interaction with Al is smooth and natural.
3.INT INT2 Interactions with Al are often slow or irrelevant. (Reverse)
INT3 I can easily adjust questions or give commands to the Al and get the desired results.
PUL Using Al helps me complete my work or schoolwork faster.
4. PU PU2 Al doesn’t improve my work quality or academic performance. (Reverse)
PU3 Al is a tool that enhances my learning and work efficiency.
PEOUI Overall, using Al is easy for me.
5. PEOU PEOU2 I feel that using Al is complicated and difficult. (Reverse)
PEOU3 I can use the core functions of Al without having to rely on an assistant often.
ATTI1 Opverall, I have a positive attitude towards using Al for learning and work.
ATT2 I am not very supportive of using Al to help with schoolwork. (Reverse)
6. ATT ATT3 I agree that the use of Al should be promoted in educational institutions.
BEHI1 In the future, I intend to use Al as a tool to help me study and work regularly.
7. BEH BEH2 I do not expect to use Al in learning or work in the future. (Reverse)
BEH3 I have an idea to recommend to my friends or juniors to use Al for learning.

B.  Development of a Causal Relationship Model Based on
the SOR Model Framework

1) Determining sample size

The study population comprised undergraduate students in
Industrial Education at public and private higher education
institutions across Thailand. The sample size determination
was based on the Hair ef al. [50] concept, which suggested
that SEM analysis should consider the ratio of observed
variables to sample units. There should be at least 10 sample
units per observed variable, and the total sample size must be
at least 200 to ensure stable Maximum Likelihood estimation.
In addition, Hair et al. [50] suggested that when the sample
size exceeds 400 units, some fit indices may be skewed,

leading to a lower-than-actual model fit assessment.
Therefore, the researcher determined the sample size based
on the aforementioned criteria and chose probability and
stratified random sampling to cover both public and private
higher education institutions across all regions. The sample
size was determined at a ratio of 10 sampling units per
observed variable. Since this research included 21
observation variables, a sample size of at least 210
participants was required. However, to increase statistical
power and enhance the reliability of the analysis results, the
researcher determined the total sample size to be 300 people,
which is appropriate both theoretically and practically, and in
line with the objectives of studying the causal relationship
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using SEM.

Data collection revealed the general characteristics of a
sample of 300 undergraduate students in Industrial Education
from public and private higher education institutions across
Thailand—the sample comprised a range of gender and age.
The majority of the sample was female (46%), followed by
male (41.333%). Sexual and gender diversity accounted for
12.667%. The sample was concentrated among ages 17-20,
representing 80.333% of the total dataset, reflecting the
context of Al users at the early stages of higher education.
Regarding familiarity with digital technology, including Al
for learning, the majority (57.667%) reported regular and
proficient use, followed by frequent and relatively fluent
use (42.333%). The average Internet usage for learning was
10 hours per week (88%), followed by 7-9 h per week (12%),
respectively. The summary is shown in Table 3.

Table 3. General characteristics of the respondents (7 = 300)

2) Research tools

The research instrument used in this study was a 5-point
Likert-scale questionnaire designed to assess all seven latent
variables. It comprised 21 items, divided into seven
reverse-coded and 14 positive items. This was done to reduce
response bias and enhance data reliability.

The instrument was reviewed for content validity by three
experts. The results revealed an index of consistency between
the items and the Research Objectives (IOC) ranging from
0.670 to 1.000, indicating that the instrument is appropriate
and adequately covers the variables to be measured.

Before using the instrument for actual data collection, the
researcher conducted a tryout with 30 non-sample Generation
Z university students from Industrial Education programs to
test the instrument’s reliability.

The results of the Cronbach’s Alpha Coefficient test
revealed that the instrument’s reliability in terms of each of
the seven latent variables ranged from 0.841 to 0.917,

Profile Ttems Number Percentage ' e o
® (pct) exceeding the recommended minimum criterion (> 0.700) set
Male 124 41.333 by Hair et al. [50] and Leekitchwatana [51]. The analysis also
Female _ 138 46.000 indicated that the discriminant power of all 21 observed
Gender LGBTQ alternative . ; SCIV
gender 38 12.667 variables ranged from 0.703 to 0.832, exceeding the criterion
17 69 23.000 for all items [52, 53] and exceeding the recommended
18 52 17.333 minimum criterion. This indicates that each item has
19 63 21.000 c . ..
Age 20 57 19.000 discriminatory power that meets the criteria.
21 31 10333 Furthermore, the results of the examination of the seven
22 28 9.333 latent variable measurement models against empirical data
The use of digital ~ U°° iter;g:rlgﬂy and 173 57.667 from a sample of n = 300 using a single-factor confirmatory
technology and Al —— freZuenytly — factor analysis (CFA) revealed that the developed seven
in learning quite fluently 127 42333 latent variable measurement models were consistent with the
Using the Internet >10 h or more 264 88.000 empirical data, indicating that each observed variable truly
for Studying 79h 36 12.000 measures the latent variable. The results of the examination
of the seven latent variable measurement models are shown
in Table 4.
Table 4. Results of latent variable measurement model examination (n = 300)
p value xHdf CFI SRMR RMSER
Latent 2 ar  Criterion Criterion Criterion Criterion Criterion Result of
Variable Standard Result Standard Result Standard Result Standard Result Standard Result consideration
1501 1501 [501 [50]
ACC 0.240 3 >0.050 0.970 <2 0.080 <0.940 0.870 <0.080 0.075 <0.070 0.030 Passed
INS 0.621 3 >0.050 0.100 <2 0.207 <0.940 0.900 <0.080 0.073 <0.070 0.000 Passed
INT 0.546 1 >0.050 0.990 <2 0.546 <0.940 0.930 <0.080 0.071 <0.070 0.000 Passed
PU 0.845 3 >0.050 0.890 <2 0.282 <0.940 0.865 <0.080 0.069 <0.070 0.007 Passed
PEOU 0998 2 >0.050 0.950 <2 0.499 <0.940 0.790 <0.080 0.074 <0.070 0.000 Passed
ATT 1.172 2 >0.050 0.973 <2 0.586 <0.940 0.813 <0.080 0.065 <0.070 0.005 Passed
BEH 1346 3 >0.050 0.856 <2 0.449 <0.940 0.793 < 0.080 0.053 <0.070 0.000 Passed

Table 5. Discriminant validity of Heterotrait-Monotrait Ratio (HTMT) (n = 300)
Variables ACC INS INT PU PEOU ATT

ACC

INS 0.603

INT 0.677 0.602

PU 0.635 0.524 0.531

PEOU 0.618 0.646 0.645 0.554

ATT 0.643 0.643 0.607 0.586 0.591

BEH 0.629 0.654 0.603 0.518 0.577 0.585

When considering the HTMT values of all latent variables,
they were less than 0.900 [50] (Table 5), which confirmed
that all latent variable items had appropriate discriminant
validity. In summary, this research confirmed that the
measurement model included all latent variables of high
quality.

Furthermore, when considering construct validity, it was
found that the standardized factor loadings of all 21 observed

variables were in the range of 0.513-0.695, passing the
standard criteria (>0.500) [50], and the AVE values were in
the range of 0.503-0.689, also passing the standard criteria
(>0.500), indicating that each observed variable can be used
to measure the latent variable significantly and be
conceptually consistent. The measurement model has good
structural validity and convergent validity. This shows that
the measuring instrument has appropriate quality for further
causal analysis [50]. In terms of reliability, the Cronbach’s
Alpha (a) of each latent variable was between 0.701 and
0.818, and the Composite Reliability (CR) was between
0.714 and 0.735, both of which passed the standard criteria
(=0.700) [51-53] The aforementioned index values indicate
that the instrument has good internal consistency, showing
that each observed variable can measure the latent variable
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well and is reliable for all variables. Details are as shown in
Table 6.

Therefore, it can be concluded that the research
instruments have adequate quality in terms of content validity,

discrimination power, discriminant validity, construct
validity, and reliability, and is sufficient and appropriate for

the research under consideration.

Table 6. Results of quality inspection of measuring instruments

Tryout n =30 Sample Group =300

Latent Criterion P - Item

Variable Ttem Standard Cronbach’s Reliability Application Criterion Reliability Application Cronbach’s CR AVE Facfor
[50] () level Standard [50] Correlation Loadings

ACCl1 >0.700 0.917 very high applicable >0.200 0.832 applicable 0.701 0.717  0.564 0.631
1. ACC ACC2 >0.200 0.816 applicable 0.695
ACC3 >0.200 0.824 applicable 0.674
INS1 >0.700 0.912 very high applicable >0.200 0.738 applicable 0.713 0.735  0.513 0.626
2. INS INS2 >0.200 0.794 applicable 0.617
INS3 >0.200 0.776 applicable 0.672
INT1 >0.700 0.864 very high applicable >0.200 0.739 applicable 0.787 0.718  0.577 0.549
3.INT INT2 >0.200 0.724 applicable 0.668
INT3 >0.200 0.758 applicable 0.574
PU1 >0.700 0.892 very high applicable >0.200 0.717 applicable 0.706 0.724  0.503 0.513
4.PU PU2 >0.200 0.736 applicable 0.557
PU3 >0.200 0.770 applicable 0.582
PEOU1 >0.700 0.841 very high applicable >0.200 0.762 applicable 0.774 0.719  0.574 0.618
5. PEOU PEOU2 >0.200 0.753 applicable 0.684
PEOU3 >0.200 0.798 applicable 0.666
ATTI1 >0.700 0.913 very high applicable >0.200 0.753 applicable 0.809 0.714  0.689 0.607
6. ATT ATT2 >0.200 0.788 applicable 0.575
ATT3 >0.200 0.724 applicable 0.618
BEHI1 >0.700 0.905 very high applicable >0.200 0.786 applicable 0.818 0.733  0.535 0.664
7. BEH BEH2 >0.200 0.703 applicable 0.626
BEH3 >0.200 0.785 applicable 0.604

3) Data collection

The researcher collected data using an online questionnaire
and sent it to the sample group at 17 public and private
universities that host students in the Industrial Education
program via e-mail. Data collection took place over 1 month
(October 8, 2025—-November 8, 2025). The data collection
yielded 523 respondents. Before entering the analysis, the
researcher checked the reverse-coded items and screened the
data to eliminate discrepancies and increase reliability,
resulting in a final sample of 300 people, in accordance with
the research’s preliminary agreement.

4) Data analysis

Data analysis was divided into two steps as follows:

Step 1: Descriptive data analysis was used to describe the
general characteristics of the respondents, with results
presented as frequencies and percentages.

Step 2: Inferential statistics were used to test the
appropriateness and consistency of the research model. This
was a SEM analysis using Jamovi 2.4.1.1, a statistical
software program that supports advanced SEM and displays
complete model fit indices. The steps were as follows:

(1) The Measurement Model was examined to test the

reliability of the instruments. The Composite Reliability
(CR) index of the observed variables must be at least
0.700, the Indicator Reliability (Outer Loading) index
must be at least 0.500, and the Convergent Validity
(AVE) index must be at least 0.500. The discriminant
validity was also tested. Considering the HTMT Criterion
value, they must not be higher than 0.900 [50-52],
respectively.

(2) Analyze the path model to find the relationship between
the independent latent variable (exogenous variable) and
the dependent latent variable (endogenous variable)
according to the conceptual framework of the SOR
model.

IV. RESULT

Hair et al. [50] and Khontee and Poonputta [52] stated that
the ability on the part of the model to predict the values of the
dependent variables (Endogenous Variables) (Predictive
Power) was considered in terms of the Cross-Validated
Redundancy Index (Q?), the Coefficient of Determination
(R?), and the Standardized Root Mean Square Residual
(SRMR), respectively. The research results are as follows:

Table 7. Evaluation results of model’s ability to predict the values of the dependent variables (02, R?) (n = 300)

Endogenous Q R’ . . .
Variables Criterion Standard [52] Result Criterion Standard [52] Result Result of Consideration/Conclusion
PU >0 0.305 > 0.500 0.573 Passed / Good
PEOU >0 0.268 >0.500 0.597 Passed / Good
ATT >0 0.241 > 0.500 0.614 Passed / Good
BEH >() 0.539 > ().500 0.786 Passed / Good

Table 8. Evaluation results of model’s ability to predict the values of the dependent variables (CFI, SRMR and RMSEA) (n = 300)

Goodness-of-fit index Criterion Standard [50] Result Result of Consideration/Conclusion
CF1 >0.940 0.960 Passed / Good
SRMR <0.080 (with CFI above 0.940) 0.063 Passed / Good
RMSEA <0.070 (with CFI of 0.940 or higher) 0.058 Passed / Good

From Table 7, it can be seen that the Q? value of the
variable PU was equal to 0.305, PEOU was equal to 0.268,

ATT was equal to 0.241, and BEH was equal to 0.539. The
results indicate that the model had good predictive ability and
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the ability to explain the model’s variance (Explanatory
Power). The values of the Q? of all four dependent variables
were greater than 0, indicating that the model had good
predictive ability (Predictive Relevance).

Regarding the R? values, the R? values for the variable PU
was 0.573, the variable PEOU was 0.597, the variable ATT
was 0.614, and the variable BEH was 0.786. This indicates
that the model has a good ability to explain the variance of the
dependent variables (>0.50) [50, 53]. The results of the CFI,
SRMR, and RMSEA tests are shown in Table 8.

From Table 8, the Comparative Fit Index (CFI) for this
model was 0.960, which met the standard criteria (>0.940).
The SRMR value for this model was 0.063, which met the
standard criteria (<0.080). The Root Mean Square Error of
Approximation: RMSEA value of this model was equal to
0.058, which passed the standard criteria (<0.070). The
SRMR and RMSEA values must be considered alongside the
CFI value, and the results must meet the criteria set by
Hair et al. [50]. It can be said that all three goodness
indices (CFI, SRMR, and RMSEA) passed the standard
criteria, indicating that the model is consistent with the
empirical data. The aforementioned index values are

@ 0.174%*
R?>=0.573

@ 0.296**

® 0.197*

® 0.124**

CFI=0.960, SRMR = 0.063, and RMSEA = 0.058
* p <0.050, ** p < 0.010

presented in the Model, along with the path coefficient, as
shown in Fig. 3.

From Fig. 3, the relationship path of the variables is
presented as follows: The relationship path of the variable
INT that affects the variable PU has the highest path
coefficient, equal to 0.307. @ The relationship path between
the variables ACC and PEOU is 0.296. @ The relationship
path between the variable INS and the variable PU was 0.197.
® The relationship path from the variable ACC to the
variable PU was 0.174. @ The relationship path from the
variable INS to the variable PEOU was 0.131. ® The
relationship path from the variable INT to the variable PEOU
was 0.124.® The relationship path of the variable PEOU
affecting the variable ATT was equal to 0.119. @ The
relationship path from the variable PU to the variable ATT
was 0.106. ® The relationship path from the variable ATT to
the variable BEH, showed a value of 0.103. @ The R? value
of the latent variable BEH was 0.786, indicating that all six
variables (ACC, INS, INT, PU, PEOU, and ATT) can explain
the variance of the latent variable at 78.600 percent, which is
at a high level [50, 52, 53] .The values of the various indices
are presented in Table 9.

0.106*

R2=0.614 @003+ R =0786

H;

Fig. 3. Model and path coefficient.

Table 9. Hypothesis validation results (n = 300)

Hypotheses Path B t-Value p-value 95% CI (LL, UL) Result
H1 @ ACC —-PU 0.174 3.175 p<0.010 [0.067, 0.281] supported
H2 ® ACC — PEOU 0.296 2.594 p<0.010 [0.072, 0.520] supported
H3 ® INS — PU 0.197 1.973 p <0.050 [0.010, 0.393] supported
H4 ® INS — PEOU 0.131 2.527 p <0.050 [0.029, 0.233] supported
H5 O® INT — PU 0.307 3214 p<0.010 [0.120, 0.494] supported
H6 ® INT — PEOU 0.124 3.482 p<0.010 [0.054, 0.194] supported
H7 PU — ATT 0.106 2.170 p <0.050 [0.010, 0.202] supported
HS8 @ PEOU — ATT 0.119 2.458 p <0.050 [0.024, 0.214] supported
H9 ® ATT — BEH 0.103 1.964 p <0.050 [0.019, 0.206] supported

Source: t-Value > 1.960. [52]

From Table 9, the results in terms of hypothesis testing
found that with regard to the nine research hypotheses, these
were confirmed as follows: The factor INT had the most
significant positive influence on PU (f = 0.307, ¢ = 3.214,
p <0.010, 95% CI [0.120, 0.494], resulting in Hypothesis 5
being confirmed. @ The factor ACC experience had a
positive influence on PEOU (f = 0.296, t =2.594, p < 0.010,
95% CI [0.072, 0.520]), resulting in the confirmation of

Hypothesis 2. @ The factor INS had a positive influence on
PU (=10.197,t=1.973, p < 0.050, 95% CI [0.010, 0.393],
resulting in the confirmation of Hypothesis 3.® The factor
ACC had a positive influence on PU (f = 0.174, t = 3.175,
p < 0.010, 95% CI [0.067, 0.281]), resulting in the
confirmation of Hypothesis 1.@ The factor INS had a
positive influence on PEOU (= 0.131, t = 2.527, p < 0.050,
95% CI [0.029, 0.233]), resulting in the confirmation of
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Hypothesis 4. ® The INT had a positive influence on PEOU
(f=0.124, t = 3.482, p < 0.010, 95% CI [0.054, 0.194]),
resulting in the confirmation of Hypothesis 6.® The factor
PEOU had a positive influence on ATT (f=10.119, t=2.458,
p < 0.050, 95% CI [0.024, 0.214]), resulting in the
confirmation of Hypothesis 8. @ The factor PU had a
positive influence on ATT (8 = 0.106, t = 2.170, p < 0.050,
95% CI [0.010, 0.202]), resulting in the confirmation of
Hypothesis 7.® The factor ATT had a positive influence on
BEH (£#=0.103, r=1.964, p <0.050, 95% CI1 [0.019, 0.206])
resulting in the confirmation of Hypothesis 9.©®

V. DISCUSSION

The results of this research reveal three key points that can
be discussed in light of the research objectives. The details
are as follows:

A. Relationship between Al Learning Experience and
Perception

The SEM analysis results confirmed a significant causal
relationship between Al learning experiences and learners’
perceptions of Al technology. All three dimensions of
experience (ACC, INS, and INT) directly influenced PU and
PEOU.

Among the three dimensions, INT exhibited the highest
positive influence on PU (f = 0.307, ¢ = 3.214, p < 0.010,
95% CI [0.120, 0.494]), with a non-zero reliability interval.
This suggests that learners value Al that provides interaction
experience, analysis, and feedback, fostering confidence and
motivation to learn. This significance suggests that when Al
acts as a learning facilitator that can reflect deep
understanding, learners will perceive its usefulness in terms
of cognitive and intellectual value, as well as in terms of
learning effectiveness.

Meanwhile, ACC positively influenced PEOU (5 = 0.296,
t=2.594, p <0.010, 95% CI [0.072, 0.520]), reflecting that
data accuracy and system stability are important factors in
making learners feel that Al is relatively easy and more
reliable to use. When Al can respond accurately and quickly,
learners can reduce their mental effort when using the tool,
resulting in higher perceived usability, effort expectancy, and
perceived ease of use.

These results are consistent with studies by Adwan &
Aladwan [24], Yin and Qiu [26], Cao et al [28],
Nieves-Pavon ef al. [29] and Yang et al. [30], which indicate
that cognitive support was a key mechanism that significantly
enhances the perceived usefulness and ease of use of Al
technologies on the part of learners. These findings reinforce
the view that the quality of Al learning experiences plays a
key role in shaping positive perceptions of the technology,
which serves as a crucial foundation for the sustainable
adoption and use of Al in educational contexts.

B.  Perception and Attitudes Affecting Usage Behavior

The results of the study confirmed that PU and PEOU had
a significant positive influence on learners’ ATT, especially
perceived usefulness of Al (f = 0.106, ¢ =2.170, p < 0.050,
95% CI1[0.010, 0.202]) and perceived ease of use (f=0.119,
t = 2458, p <0.050, 95% CI [0.024, 0.214]). This reflects
that learners who view Al technology as a valuable, relatively
easy-to-use tool are more likely to have a positive attitude

towards its use in a learning context.

These results are consistent with the ideas of Liu and
Ma [33], Albawwat and Frijat [35], Kelly er al. [36],
Kim et al. [37] and Teodorescu et al. [38] which indicate that
positive perceptions of usefulness and ease of use are the
main drivers of positive attitudes towards technology.
Furthermore, positive ATT also positively influenced
BEH (5=0.103, t=1.964, p <0.050, 95% CI1[0.019, 0.206]),
which was a statistically significant path, indicating that
positive attitude plays an important role as a mechanism in
predicting learners’ future Al use behavior.

This interpretation reflects a psychological picture in
which learners respond to technology, not only on functional
grounds, but also through evaluations of its value and the
positive experiences it provides, which in turn reinforce their
trust and motivation to continue using it. Such findings have
important practical implications for designing strategies to
promote Al adoption in teaching and learning, focusing on
learning experiences that enable learners to tangibly perceive
its usefulness and ease of use through meaningful, authentic
activities that align with real-life learning.

C. Suitability of Model and Theoretical Proposals

The analysis of the model validated the suitability of the
SOR model’s conceptual framework for explaining the
application of Al in the learning environment of Industrial
Education students in Thailand during the digital age. The Fit
Indices (CFI = 0.960, SRMR = 0.063, and RMSEA = 0.058)
were deemed acceptable, based on the standards set by
Hair et al. [50], indicating a good fit with the empirical data.
In addition, the R? value of the variable BEH = 0.786,
indicating that it can explain the variance of learners’ Al use
behavior, which is considered to be at the Substantial
Explanatory Power level [50, 52, 53]. These findings
reinforce the view that the application of the SOR model to
the study Al learning behavior is highly appropriate
theoretically, consistent with the research of Huang [15] on
the ability to clearly reflect the psychological mechanism
linking learning experience (Stimulus) — cognitive and
emotional processing (Organism) — usage behavior
(Response). The model therefore does not only explain
technology acceptance behavior, it also opens new
perspectives on human-Al interaction in the experiential
learning dimension, suitable for students in the field of
Industrial Education in Thailand.

Although this research was conducted in the context of
Thailand which may limit the ability to apply the findings to
other countries or educational cultures directly, the study
provides important theoretical findings regarding the
mechanisms linking three dimensions of Al-based learning
experience ACC, INS, and INT to PU, PEOU, ATT, and the
BEH of Generation Z students in a digitally transitioning
educational context, within the framework of the SOR model.

In the context of emerging economies and the process of
driving digital and Industry 4.0 policies, Thailand is not
merely a spatial case study but serves as a theoretical
representative case for understanding the dynamics of
Al-based learning in transitional education systems.

Although the SOR framework provides a systematic
structure to link Al, experiences, perceptions, attitudes, and
behavioral intentions, it importantly considers the specific
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background of the sample group and the educational setting
when interpreting the research results. Learner engagement
with AI may not depend solely on perceived usefulness and
ease of use, but may also be influenced by emotional and
contextual factors such as anxiety towards Al, levels of trust,
institutional support, or learning culture. This may vary from
country to country and field of study.

In theory, the validation of this model contributes to
academia by suggesting ways to extend the SOR framework
to include new variables that reflect the challenges of the Al
era, such as Al ethics, trust in technology (Al Trust), and
digital awareness (Al Literacy). This can enhance the
model’s capabilities to better align with the dynamics of
future learner behavior.

Furthermore, the practical findings suggest guidelines for
designing Al systems for high-quality, responsive learning
(Accuracy and Insight) and promoting the development of Al
literacy curricula to foster positive attitudes, trust, and
sustainable Al use behaviors. This will serve as a crucial
foundation for driving educational systems toward ethical,
practical Al learning.

D. Limitations of the Research

This research has four limitations that should be mentioned:

Firstly, the referencing of the research results is limited
because the sample group is Generation Z students in
Industrial Education in the context of public and private
higher education institutions in Thailand. Although the
sample size determination is based on the concept of
Hair et al. [50], the sample is specific, which may prevent the
research results from being fully applicable to students in
other fields in the country or to students of other cultures.
However, although the Thai context limits the direct
referencing of the research results to other countries, this
research has taken place in a particular context that is
significant and suitable for studying Al learning in the
context of emerging economies which have specific
characteristics in the transition to the digital industrial era,
including the driving force of Industry 4.0 policy and the
readiness of educational institutions. Therefore, in the
context of Thailand, it is not just a spatial limitation, but a
specific context that helps explain the dynamics of the
acceptance and use of Al in education for Generation Z
students in Industrial Education in Thailand, a country which
is attempting to achieve a sustainable transition of manpower
into the digital industrial era.

Secondly, this research used a cross-sectional data
collection method, collecting data over a single time period.
This makes it impossible to clearly examine long-term causal
relationships. Although Structural Equation Modeling (SEM)
was used to analyze causal paths, the lack of time-based data
prevents the confirmation of long-term changes in the three
dimensions of Al learning experience (ACC, INS, and INT),
perception and attitude towards Al use (PU, PEOU, and
ATT), and intention to use AI (BEH) among Generation Z
students in Industrial Education Future research should
utilize time-based designs or experiments to confirm the
causal relationships found.

Thirdly, this research relies primarily on quantitative data
from questionnaires, which, while effectively describing
structural relationships between variables, have limitations in

terms of reflecting the context and depth of learners’
Al-based learning experiences. Quantitative research can
show good statistical relationships but cannot fully explain
the reasons, thought processes, and emotional experiences
behind learners’ behavior. The absence of qualitative data,
such as from the use of in-depth interviews or focus groups,
means that key issues that may influence learners’ Al use
such as anxiety, trust, motivation, curiosity, and institutional
and social pressures, have not been adequately explained in
the research model. Furthermore, other important factors that
may influence Al use behavior such as digital literacy, Al
anxiety, institutional support, or Al-related anxiety, which
previous research [2, 10, 13] has indicated play a significant
role in the Al-based learning experience, have not been
included. Therefore, future research could employ a
mixed-methods approach coupled with an expanded range of
variables to more deeply explain and reflect the complexity
of Al-based learning experiences in the higher education
context.

Finally, questionnaires were employed to collect data in
this research. These may be susceptible to respondent bias,
such as students responding in a socially acceptable manner
or making self-assessments that do not reflect actual behavior.
Although the researchers performed quality control measures
on the instrument and maintained the privacy of respondent
data, the risk of bias remains. Future research may utilize
behavioral data such as Al usage behavior, information from
instructors or fellow students, to further confirm the research
findings.

In summary, while this research provides valuable findings
regarding three dimensions of Al-powered learning
experiences namely, Al accuracy and precision
experience (ACC), Al depth experience (INS), and user
interaction experience (INT), influencing the perceived
usefulness of Al (PU), perceived ease of use of AI (PEOU),
attitudes toward Al use (ATT), and factors influencing the
continued intention to use Al (BEH) on the part of
Generation Z Industrial Education students in Thailand, the
results are interpreted in light of these limitations. Therefore,
to enhance the research’s value and provide a deeper
understanding of the context of Al-powered learning in
various dimensions, future researchers should use diverse
sample sizes, employ time-based research designs,
incorporate qualitative research methods, and explore
additional variables.

VI. CONCLUSION

The research confirms that experiences using Al for
learning (S: ACC, INS, INT), combined with perceptions and
attitudes towards Al (O: PU, PEOU, ATT), significantly
influence the behavioral intention to use Al (R: BEH) among
Industrial Education students within the SOR model
framework. This result reflects that Al functions not merely
as a technological tool, but as an intelligent instrument that
stimulates analytical thinking, problem-solving, and
creativity through interactive learning experiences, thereby
shaping learners’ perceptions, attitudes, and intentions with
regard to use.

In terms of practice and policy, the research underlines the
need for higher education institutions to develop an
Al-driven learning ecosystem by integrating experiential
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learning, Al, and digital competency development, fostering
technological ethics, and using hands-on learning to prepare
learners for work and lifelong learning in the context of
Industry 4.0 and an Al-driven society. Furthermore,
instructors should design Al-powered learning activities that
emphasize data accuracy, analytical depth, and the quality of
interaction between learners and Al to enhance the perceived
value and sustainable intention to use Al.

Theoretically, this research demonstrates the potential of
the SOR model to explain the causal mechanisms of
Al-driven learning in higher education. This research can be
extended to other disciplines such as the humanities, health
sciences, and social sciences, to compare the dynamics of Al
adoption across contexts, to test the consistency of models
and to enhance the applicability of research findings in a
wider range of contexts, using a mixed-methods research
approach. To lead to a better overall understanding, further
research should be conducted into the emotional, cognitive,
and contextual aspects of Al usage. This kind of investigation
could help create more detailed and practical models that
better explain how Al learns.
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