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Abstract

Recognizing the proliferation of generative artificial intelligence (AI) technologies in facilitating student learning, this study
seeks to explore the key drivers shaping students’ intention to use this technology. Grounded in the Stimulus—Organism—
Response (S—O-R) framework, we develop an integrative conceptual model and employ PLS-SEM to analyze data collected
from 370 tourism students. The article reveals that peer and family influence exert a profound influence on the formation of]

usage-related expectations and trust. Meanwhile, anthropomorphism serves as an antecedent in shaping perceived usefulness
and trust. Trust and perceived ease of use function as organism variables and significantly influence students’ intention.
Importantly, trust emerges as a key driver in forming students’ intention to use generative Al. These findings provide
implications for academic institutions in formulating Al adoption strategies to enhance teaching and learning practices.
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1. Introduction

Generative Al is a disruptive technology that utilizes multi-
layered learning frameworks to create human-simulated
material tailored to intricate requests [41]. This technology
has garnered global attention, driving innovation in higher
education while also presenting numerous challenges in
this context [36]. Considering the rapid expansion of Al,
exploring methods that help educators utilize Al-based
applications to improve student academic outcomes is
crucial [67]. With the ability to generate data-informed
insights to adjust personalized training programs,
generative Al platforms (e.g., ChatGPT, DeepSeek, and
Gemini) enhance student participation, learning
effectiveness, and knowledge construction through
customized feedback, learning in digital mediated
networks, and collaborative problem resolution [65]. For
example, generative Al is reshaping the future of
education, with ChatGPT playing a role in co-authoring
and supporting the publication of research articles [36].
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Despite the proliferation of Al-driven pedagogical tools,
research on students’ academic performance and their
behavioral intention to use Al for pedagogical purposes
remains limited [10] [45], particularly with respect to
tourism and hospitality students’ attitudes and behaviors
toward Al [63]. This leaves room for further investigation.

Generative Al has garnered widespread interest among
academics, industry experts, and policy decision-makers
from multiple perspectives, generating significant debate
[18]. Trustworthiness in Al applications, such as
Generative Al, directly affects the extent of student
adoption and the effectiveness of Al use in learning [6].
Building trust in Al requires a thorough understanding of
antecedents that predict individuals’ behavior toward Al
and the usage context. Trust truly forms only when users
perceive the AI’s reliability through appropriate signals;
furthermore, human-related factors can be designed to
enhance trust without necessarily improving Al
performance [2]. However, trust in Al emerges as a critical
concern for Private and institutional entities in the adoption
of this technology [31] [57]. Users tend to evaluate trust in
Al less favorably than trust in humans, partly because they
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tend to display negative attitudes toward Al-based
translation algorithms, thereby opening avenues for further
scholarly inquiry [13].

In marketing and psychology, anthropomorphism refers
to how individuals perceive Al as possessing human-like
traits. This perception plays a key role in understanding
individuals’ experiences with non-animated entities [9].
Anthropomorphism shapes human behavior toward Al
[35]. Anthropomorphic Al chatbots have the potential to
increase students’ learning motivation [64]. Additionally,
although trustworthiness is a primary predictor of
individuals’ interactions with and decisions regarding Al
technologies, research in certain domains often lacks
sufficient consideration of the role of trust in Al-enabled
robots [16]. Anthropomorphism is categorized under "user-
related" antecedents of trust in Al. The fewer people
anthropomorphize entities, the less likely they are to trust
an Al tool to perform its intended task, increasing Al
resistance. Although the roles of human-like trust (e.g.,
anthropomorphism) and trust in Al have been
acknowledged [16] [64], research exploring these factors
and their interrelationship in shaping behavior toward Al
remains scarce.

Given these points, we investigate the underlying
antecedents shaping students’ acceptance of generative Al
in their learning journey. Furthermore, it examines the
contributions of anthropomorphism and trust in the realm
of AI use within academic settings. Accordingly, the
following research questions (RQ) are proposed.

RQ1: What potential drivers shape students’ intention
to use generative AI?

RQ2: To what extent do anthropomorphism and trust
shape students’ use of generative AI?

The S—O-R diagram is adopted to explain students’
behavior toward generative Al. To extend the theory and
enhance its relevance to the educational context,
anthropomorphism and trust are incorporated into the
research model. Following the introduction, the paper
proceeds with the literature review, research design, and
empirical results. By filling a significant gap in the
literature on the application of generative Al in education,
this research offers several suggestions for policymakers
and educators to explore the drivers behind students'
intentions to use this technology.

2. Literature review

2.1. Generative Al in academic settings

Al can perform cognitive functions involving human
cognition [30]. There are three main Al types: (1) weak Al
concentrates exclusively on a discrete task, (2) general Al
with human-like cognitive abilities can perform complex
and varied tasks, and (3) super Al is expected to surpass
human intelligence [43]. Advances in big data, cloud-based
computing technologies, artificial neural network
architectures, and algorithmic frameworks have laid the
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foundation for the emergence of Al systems capable of
simulating human intelligence in sensing, learning, and
problem-solving [60]. The ubiquitous presence of Al has
fostered global GDP by approximately 7% while
displacing around 300 million knowledge-based jobs [22].
In the educational context, Al supports students’ learning
effectiveness by providing a tailored learning experience
and content creation [42]. For example, generative Al (e.g.,
ChatGPT) has become increasingly popular in educational
integration and has transformed learners’ experiences [27].

Al can perform cognitive functions involving human
cognition [30]. There are three main Al types: (1) weak Al
concentrates exclusively on a discrete task, (2) general Al
with human-like cognitive abilities can perform complex
and varied tasks, and (3) super Al is expected to surpass
human intelligence [43]. Advances in big data, cloud-based
computing technologies, artificial neural network
architectures, and algorithmic frameworks have laid the
foundation for the emergence of Al, systems capable of
simulating human intelligence in sensing, learning, and
problem-solving [60]. The ubiquitous presence of Al has
fostered global GDP by approximately 7% while
displacing around 300 million knowledge-based jobs [22].
In the educational context, Al supports students’ learning
effectiveness by providing a tailored learning experience
and content creation [42]. For example, generative Al (e.g.,
ChatGPT) has become increasingly popular in educational
integration and has transformed learners’ experiences [27].
Generative Al is classified as a specialized branch of Al
designed to create text, visual content, and other types of
output by utilizing probabilistic models trained across
diverse domains [21.

2.2. The S-O-R Paradigm

Widely recognized paradigms governing technology, such
as the Technology Acceptance Model (TAM), Task—
Technology Fit (TTF), and the Unified Theory of
Acceptance and Use of Technology (UTAUT), were
initially engineered to explain non-humanlike technologies
[24]. As such, they are limited in their ability to explain the
complex interactions between Al and humans, particularly
those involving emotional engagement and underlying
psychological mechanisms [61]. Importantly, individuals’
acceptance or rejection of Al represents a complex process
shaped by external influences and user perceptions [24].
The S—O-R theory is a cognitive—behavioral framework
that explains how stimuli (environmental attributes) shape
responses (behavioral outcomes) through the organism,
which encompasses individuals’ perceptions and emotions
[40]. Furthermore, this theory has been adopted in
pedagogical research; for example, it has been used to
comprehensively analyze the profound psychosocial toll of
the pandemic on learners [47]. The S—O—R triadic model
has been extended to various domains, allowing
researchers to incorporate context-specific factors such as
technological experience, advertising stimuli, website
experience, and consumer behavior [28]. Thus, the

EAI Endorsed Transactions on
Tourism, Technology and Intelligence
| Volume 3 | Issue 1| 2026 |



An Examination of Factors Shaping Students’ Acceptance of Generative Al

framework is well-suited to this study on generative Al in
pedagogical contexts.

Stimulus: Social norms and anthropomorphism.
Stimulus denotes external environmental or socio-
cognitive cues that trigger internal cognitive and affective
states [32]. They act as part of the environment, and
unexpected transformations in this setting can affect mental
and affective stability, which in turn influences behavioral
outcomes [17] [59]. Social norms refer to a set of criteria
used to evaluate personal appraisals, which are influenced
by the expectations of important referent groups around
them that they should use novel technologies [55]. It is
considered a source of external impact, shaping behavior
directly [56]. Additionally, anthropomorphism is one of the
social attributes of robots, which is reflected through three
main aspects: perceived warmth, perceived competence,
and perceived discomfort [60]. Students tend to
anthropomorphize Al and feel more interested when
interacting with it. Thus, depending on personal traits and
initial expectations, anthropomorphism presents a double-
edged sword for pedagogical outcomes. In educational
contexts, anthropomorphizing technology can improve
learning efficiency. When students perceive human-like
traits in an Al tutor, they may achieve better learning
outcomes [1]. Anthropomorphism helps us understand that
when human-like cues are activated, users tend to perceive
objects as more easily understood. This feature explains
how travelers may feel more familiar and comfortable with
a destination, while also encouraging them to behave more
positively, adapt better, and reduce antisocial behaviors
during their travels [34]. Anthropomorphism is associated
with trust, performance expectancy, and effort expectancy,
operating as the catalysts for students’ adoption of
generative Al (e.g., ChatGPT-driven pedagogical tools)
[48]. Their tendency to anthropomorphize large language
model chatbots (e.g., ChatGPT, Gemini) can be beneficial
for education rather than a hindrance [51]. Thus, this study
uses social norms and anthropomorphism as the “stimulus”
in the psychological framework, influencing students’
adoption of AL

Organisms:  Perceived  technology  attributes
(usefulness, ease of use) and trust. The “organism”
represents internal states, including emotional, cognitive,
and physiological responses [40]. Perceived usefulness and
perceived ease of use are two important drivers of the
TAM, and they have been used to explain students’
intention to use generative Al (e.g., ChatGPT) in tourism
and hospitality education. Perceived usefulness reflects the
subjective conviction of students that AI helps them
complete tasks in education, and perceived ease of use
reflects the prevalence of their belief that using Al requires
minimal cognitive effort in their studies [14] [15] [55] [69].
Thanks to advanced Al algorithms (e.g., ChatGPT),
students only need to input simple instructions related to
tourism education, and the system handles the rest [69].

Trust serves as a fundamental cornerstone in shaping
students’ intention to use ChatGPT in tourism and
hospitality education [68]. Trust serves as a conditioning
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antecedent in the proliferation of Al technologies, thereby
fostering AI adoption [2]. To maintain a long-term user-
technology interaction, it is imperative to understand users’
perceptual and evaluative states, such as trustworthiness,
during encounters with Al. Human-related factors should
be integrated into Al development to ensure a positive user
experience, continuous trust, and effective Al adoption [3].

Thus, we wuse perceived technology attributes
(usefulness, ease of use) and trust as the “organism” in the
psychological framework, influencing students’ adoption
of AL

Stimuli directly shape organisms [40]. Social norms
exert a significant influence on usage-related expectations
of Al (e.g., usefulness, ease of use) [15] [16] [55].
Similarly, Confidence in technological systems is driven
by contextual factors (e.g., social norms) [8]. Likewise,
users’ trust in social networking services is primarily
shaped by social influence [46]. It is therefore hypothesized
that:

H1: Social norms significantly impact perceived
usefulness.

H2: Social norms significantly impact perceived ease of
use.

H3: Social norms significantly impact trust in
generative Al

Anthropomorphism exerts a notable impact on usage-
related expectations (e.g., usefulness; ease of use) [9] [60].
Alongside its role in enhancing a sense of social
connectedness, anthropomorphism leads to increased
perceived usefulness and favorable emotional reactions
toward Al devices [7]. Furthermore, users’ perceptions of
anthropomorphic features in Al and emotions shape their
trust [54]. This human-like trait enhances the social and
task appeal of virtual assistants, thereby reinforcing users'
cognitive and emotional trust in them [11]. Hence, we
suggest the following hypotheses:

H4: Anthropomorphism significantly impacts perceived
usefulness.

HS: Anthropomorphism significantly impacts perceived
ease of use.

H6: Anthropomorphism significantly impact trust in
generative Al

Response: Intention to use generative AIl. Response
refers to behaviour that is shaped by the external
environment through psychological and emotional factors
[17]. Intentions are signals that indicate how a person
attempts to perform an action or their belief in their
willingness to carry out a given action [10]. Individuals’
behavioural intentions are influenced by the dualistic
nature of motivational drivers [52]. Indeed, positive
learning confidence, intrinsic motivation, and extrinsic
motivation influence learners’ intentions, indicating that
enhancing confidence and perceptions of the importance of
using Al can strengthen students’ learning intentions [62].
A person’s intention to adopt a novel technology is directly
motivated by performance expectancy and effort
expectancy [50]. Furthermore, trust functions as a critical
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antecedent that influences individuals’ behavioural
intentions [53]. Thereby, we hypothesize:

H7: Perceived usefulness significantly impacts
students’ intention to use generative Al.

HS8: Perceived ease of use significantly impacts
students’ intention to use generative Al.

H9: Trust in Al significantly impacts students’ intention
to use.

Given these points, we develop a conceptual framework
(see Figure 1)

Student’s intention
to use Generative

Stimulus Organisms Response

Figure 1. The hypothesized structural path

3. Methodology

3.1. Scale items

This study utilized 25 scale items from prior research on Al
and technology to develop a questionnaire. Specifically, 4
scale items for anthropomorphism were adapted from [7]
[11] [55]. Additionally, 4 scale items for perceived
usefulness, 4 items for perceived ease of use, and 5 items
for social influence were drawn from [15] [S5]. Trust in Al
(4 scale items) adapted from [33] and [66], while 4 scale
items for intention to use generative Al were derived from
[58]. All measurement items were assessed utilizing a
seven-point Likert-type scale, ranging from 1 (strongly
disagree) to 7 (strongly agree). The items were reviewed
and validated by two experts in tourism and education. A
preliminary pilot study was performed with a sample of
100 tourism students to examine the quality of scale items
and factors

3.2. Empirical data collection

The investigation was conducted in the Central region of
Vietnam. Participants were students studying in the
tourism and hospitality industry. The survey was
conducted at Duy Tan University, which is the largest
private university in the Central region and trains the
largest proportion of tourism and hospitality students in
this area. Moreover, students at this university come from
various regions of Vietnam. To save time and resources,
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we used a convenience sampling method to collect the
questionnaires. Two data collectors with experience in
education and research administered the survey and
provided explanations to participants when they had any
inquiries. The questionnaire was translated into
Vietnamese and reviewed by an expert fluent in both
Vietnamese and English. The investigation took place from
December 28, 2025, to January 10, 2026. After completing
the official survey, 20 invalid responses were removed,
resulting in 370 valid responses.

4. Results

4.1. Sample demographic characteristics

Among the 370 respondents, freshmen accounted for
nearly half of the sample (48.6%), followed by juniors
(18.4%) and seniors (33.0%). Males comprised 69.7% of
the participants, and most students came from the Central
region (90.8%). Among various types of Al educational
platforms, ChatGPT was the most popular (74.3%),
followed by Gemini (22.4%) (see Table 1).

Table 1. Respondent Characteristics (N=370)

Student Frequency % Region Frequency %
year
Freshman 180 48.6 Northern 9 2.4
Sophomore 58 15.7 Central 336 90.8
Junior 68 18.4  Southern 4 1.1
Senior 64 173 Other 21 5.7
Al-
Gender Frequency % education  Frequency %
platform
Male 258  69.7 ChatGPT 275 743
Female 110  29.7 DeepSeek 9 2.4
Other 2 0.5 Gemini 83 224
Other 3 0.8

4.2. Examination of the construct validity

According to Harman’s single-factor test, a single-factor
model was estimated by loading all scale items into a single
construct, and an unrotated factor analysis was then
conducted using SPSS. The finding indicated that eight
factors were extracted from 25 observed items, with the
variance explained by the first factor being 46.25% (<
50%) [44]. Accordingly, no evidence of common method
bias was detected in the sample.

Table 2 exhibits satisfactory composite reliability (CR)
values that range from 0.888 to 0.911 (> 0.70). It indicates
satisfactory internal consistency. All outer loadings range
from 0.734 to 0.870 (> 0.70). The average variance
extracted (AVE) values range from 0.621 to 0.720,
providing the established benchmark of 0.50, thus meeting
the benchmarks used to assess convergent validity [25]
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[26]. The Fornell-Larcker criterion was applied to assess
discriminant validity, which shows that the square root of
the AVE for each construct exceeds its correlations with all
other constructs. Similarly, all HTMT values are below
0.90, further supporting the discriminant validity [19] (see
Table 3).

Table 2. Outer loading, CR, and AVE

Outer Cronbach's

Factors loading Alpha CR AVE
Social norms 0.846 0.891 0.621
S11 0.758
S12 0.774
SI3 0.836
S14 0.833
SI5 0.734
Anthropomorphism 0.848 0.898  0.688
ANTHI 0.814
ANTH?2 0.854
ANTH3 0.865
ANTH4 0.781
Perceived ease of use 0.831 0.888  0.664
EE1 0.757
EE2 0.851
EE3 0.841
EE4 0.807
Perceived usefulness 0.845 0.896  0.682
PEIL 0.815
PE2 0.847
PE3 0.848
PE4 0.793
Trust in Al 0.859 0.904 0.703
TRUST!1 0.836
TRUST2 0.859
TRUST3 0.858
TRUST4 0.799
Intention to use generative Al 0.87 0911 0.72
INT1 0.846
INT2 0.87
INT3 0.861
INT4 0.818
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Table 3. Discriminant Validity Analysis

Fornell-Larcker criterion
ANTH EE INT PE SI TRUST
ANTH 0.829

EE 0.437 0815

INT 0.592  0.552  0.849

PE 0.676  0.519 0.587 0.826

SI 0.684 0555 0.711 0.738  0.788

TRUST 0.722 0522 0.679 0.731 0.76 0.838
HTMT

ANTH EE INT PE SI TRUST

ANTH

EE 0.517

INT 0.69 0.644

PE 0.797 0.615 0.682

SI 0.806 0.657 0.827 0.873

TRUST 0.846 0.612 0.782 0.858 0.89

Note: ANTH (anthropomorphism); EE (perceived ease of use); INT
(Intention to use generative Al); PE (perceived usefulness); SI (Social
norms); TRUST (Trust in AI)

Furthermore, the study elucidated the variance inflation
factor (VIF) to detect potential collinearity issues [4] and
[29] suggested that the values of VIF must be < 10, and
VIF values fell within acceptable limits, validating the
absence of multicollinearity (Table 4).

Table 4: The variance inflation factor

Hypotheses VIF

Anthropomorphism — Perceived ease of use 1.879
Anthropomorphism — Perceived usefulness 1.879
Anthropomorphism — Trust in Al 1.879
Social norms — Perceived ease of use 1.879
Social norms — Perceived usefulness 1.879
Social norms — Trust in Al 1.879
Perceived ease of use — Intention to use generative Al 1.456
Perceived usefulness — Intention to use generative Al 2.271
Trust in Al -> Intention to use generative Al 2.282

4 .3. Structural model

Perceived usefulness, trust in Al, and intention to use
generative Al achieve acceptable explanatory power (R?)
of 60%, 65.4%, and 52.1% (> 33%) [12]. However, the R?
value for perceived ease of use is relatively modest at
31.4%. According to [49], the explanatory power of
endogenous variables (R?) can be interpreted as substantial
(0.26), moderate (0.13), and weak (0.02). Therefore, the R?
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value for perceived ease of use in this study can be
considered acceptable. Seven hypotheses were supported
at the 0.05 and 0.01 significance levels [26]. First, social
norms serve as a significant predictor of perceived
usefulness (H1: beta = 0.519, p < 0.01), perceived ease of
use (H2: beta = 0.481, p <0.01), and trust in Al (H3: beta
= 0.501, p < 0.01). Furthermore, anthropomorphism
emerges as a significant determinant of perceived
usefulness (H4: beta=0.321, p <0.01) and trust in AI (H6:
beta = 0.379, p < 0.01) but does not emerge as a
determinant of perceived ease of use (H5: beta = 0.108, p
= 0.097). Finally, perceived usefulness does not
significantly affect intention to use generative Al (H7: beta
=0.121, p=0.069). In contrast, perceived ease of use (H8:
beta =0.248, p <0.01) and trust in AI (H9: beta=0.461, p
< 0.01) are identified as positive drivers of intention to use
generative Al (See Table 5 and Figure 2).

Table 5. Hypothesis results

No Hypotheses Beta P

H1  Social norms — perceived usefulness 0.519 <0.01
H2  Social norms — perceived ease of use 0481 <0.01
H3  Social norms — trust in Al 0.501  <0.01

H4  Anthropomorphism — perceived usefulness 0321 <0.01
H5  Anthropomorphism — perceived ease ofuse ~ 0.108"™ 0.097

H6  Anthropomorphism — trust in Al 0379 <0.01

H7 Percelv_ed usefulness — Intention to use 0.121™ 0.069
generative Al

Perceived ease of use — Intention to use

H3 generative Al 0.248 <0.01

H9  Trustin Al — Intention to use generative Al 0461 <0.01

Note: ns: non-significant

Perceived

i usefulness

(0519 W
[0121r

HB
(0.248")

( Perceived

gase of use

to use Generative

b
£ (0.108ns)

Anthropom-
orphism

0.461%)
Ns: non-significant
(0.379*) T
’ significant
—_—

** Pyalue < 0.01

Figure 2. The result of research model

5. Conclusion
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Student's intention

5.1. Discussion

The results indicate a complex process underlying
students’ intention to use advanced Al-driven learning
tools. Compared with anthropomorphism, social norms
exert a stronger impact on perceived usefulness, perceived
ease of use, trust in Al. This implies that students rely more
on people around them and the broader social environment
when evaluating Al, rather than on how human-like Al
appears. The effects of social referents on utility, usability,
and confidence in Al systems are comparable in
magnitude. Prior studies have documented comparable
results [8] [46]. They suggest that individuals in students’
social circles (e.g., friends, family members, and lecturers)
play a crucial role in helping students recognize that
generative Al can enhance learning performance and can
be used with relatively little effort, thereby strengthening
trust in AL This pattern may be explained by the
characteristics of the sample, as most participants are first-
year students who may have limited understanding and
practical engagement with Al systems. Consequently, their
perceptions and trust are more strongly shaped by the
opinions and experiences of people around them than by a
direct understanding of Al features.

Interestingly, personification did not significantly affect
the perceived ease of use of Al. This result may be due to
the study participants being digitally savvy students born
into a technologically advanced age. For these learners,
human-like traits do not necessarily simplify the interface;
instead, such personification primarily indicates that the
technology is effective for their learning and reinforces
their belief in the system. Having long-term interactions
with technology, these students possess a high level of
digital literacy, making the perceived ease of use a
negligible concern in their systematic adoption of Al

Observed outcomes of anthropomorphic attributes on
evaluations of perceived usefulness and trust in Al have
been reported in earlier research [54]. These results suggest
that human-like characteristics of Al enhance evaluations
of functional value rather than simplicity of use, as users
tend to focus more on outcomes and task performance than
on the underlying operational processes. When Al systems
exhibit human-like appearance, speech, or responses, users
feel more familiar with the system, perceive it as easier to
understand and more approachable, and consequently
develop higher levels of trustworthiness in Al.

The effects of trust in Al and perceived ease of use on
intention to use generative Al are supported by prior
studies [50] [53]. Trust exerts the paramount driver on
intention to use Al, exceeding the effect of effort
expectancy. Trust functions as a psychological safeguard,
enabling users to accept the risks and uncertainties
associated with AI. When students have a high level of
confidence, they are more inclined to intend to use Al
regardless of its perceived functional value. Ease-of-use
beliefs further shape intention to use generative Al, as
systems that are easy to use require less learning effort and
generate lower levels of stress. This ease of interaction
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encourages users to experiment with Al, thereby
supporting adoption.

Although perceived usefulness does not significantly
impact students’ intentions to use generative Al, unlike
findings in prior research on other technologies, this result
is consistent with some studies in the Al context. For
example, perceived usefulness was found to have no
significant impact on students’ behavioral intention to use
ChatGPT [5]. Similarly, no significant effect was observed
on individuals’ intention to use Al virtual assistants [20].
This finding reveals that Al is increasingly becoming a
standard utility in daily life. When a technology becomes
normalized, its usefulness may function as a hygiene factor
rather than a primary driver of behavioral intention.

5.2. Theoretical implications

By adopting the S-O-R framework, this study makes
several theoretical contributions to Al literature,
particularly in the educational context. First, this study
addresses an important gap by examining students’
intention to use Al to support their learning activities. Most
existing research has focused on the Al usage behavior of
commercial customers or employees, whereas the impact
of Al is expanding across sectors. Particularly, Al has been
confirmed to play a crucial role in education [67]. This
study examines the process through which students form
their intention to use Al. This is a complex process that
involves the influence of external environments, system
attributes, and cognitive factors.

Second, this study reveals that external environments
serve as the foundational mechanism shaping students’
behavioral intention to use Al. Specifically, for students,
especially first-year students who have limited experience
or knowledge of Al social influence from friends, family
members, and significant others plays a critical role in
shaping their perceptions of AI’s functionality and
trustworthiness. Additionally, as Al represents a form of
human-like intelligence, this study also examines
anthropomorphism as a key system attribute.
Anthropomorphic features enable students to perceive Al
as interacting in a manner like a human assistant, providing
personalized information. Consequently, these human-like
characteristics enhance students’ perceptions of Al
usefulness and strengthen their trust in technology. By
demonstrating that anthropomorphism significantly
enhances trustworthiness but does not directly influence
the intention to use generative Al, these findings clarify the
distinct psychological mechanisms through which human-
like cues operate. Furthermore, this result suggests that
generative Al in education should be conceptualized not
merely as a productive tool but also as an educational
partner that shapes users’ psychological processes, thereby
enriching emerging theoretical perspectives on human—Al
interaction in pedagogical settings.

Like conventional technologies, the perceived
usefulness and ease of use of Al significantly shape
students’ intention to use generative Al. Importantly, this
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study reveals that trust exerts the strongest influence on
students’ responses to generative Al. While many prior
studies treat trust as either an independent variable or an
outcome, few conceptualize trust as a psychological
mediator that explains how design-related and social
stimuli translate into behavioral intentions. In this study,
students’ trust, formed through social norms and
anthropomorphic features, significantly enhances their
intention to use generative Al

5.3. Practical implications

Based on the results, this study proposes several practical
implications. First, because social norms exert the strongest
effect on students’ perceptions of Al’s functional aspects
as well as their trust, policymakers and educational
administrators should leverage peer influence. Universities
should encourage students who have positive experiences
with Al, particularly those who effectively apply
generative Al in their studies, to share how they use this
technology for academic tasks and assignments. In
addition, institutions can utilize student ambassadors to
promote Al-based learning platforms. Furthermore,
universities should use social media as a communication
channel to share tips, best practices, and reliable
information related to Al, thereby enhancing students’ trust
in this technology.

The more generative Al can provide personalized
services or information, the more likely students are to
prefer using it and develop greater trust in Al. Therefore,
policymakers and system designers should enhance the
human-like traits of Al. First, Al student communication
can be anthropomorphized by using natural and friendly
language. Furthermore, Al should be capable of posing
open-ended questions, avoiding rigid interactions, and
engaging in dialogue that resembles human-to-human
communication. It is also important to use forms of address
that are appropriate to students’ cultural contexts.
Importantly,  personalization  should be  further
strengthened. Al systems can be designed to remember
users’ learning goals, proficiency levels, and learning
styles, and to provide examples that are relevant to specific
subjects or personal interests.

Since trust has the paramount direct effect on students’
responses to generative Al, it is essential to implement
multiple strategies to enhance trust, thereby strengthening
students’ intention to use generative Al. First, transparency
and explainability should be emphasized by briefly
explaining why the Al provides a particular suggestion or
conclusion, and by indicating the level of certainty and the
limitations of the response. When students gain a clearer
understanding of how Al operates and make decisions,
their trust in technology is significantly enhanced.
Additionally, responsible anthropomorphism should be
prioritized. The Al interface should incorporate an
appropriate level of social cues to appear approachable
without being misleading or deceptive. Furthermore, Al
systems should be designed to be easy to use, as usability
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encourages continued use and reinforces students’ trust in
the technology.

Universities can collaborate with tourism and
hospitality businesses to implement generative Al in
practical student training by integrating it into simulated
learning experiences. Educators and policymakers can
design learning projects that facilitate student engagement
with generative Al applications in customer service
contexts. Through these projects, students can practice
assisting customers and engaging with diverse cultural
scenarios. Such an approach may enhance students’ trust in
Al by fostering experiential learning and hands-on
engagement. Importantly, universities should provide clear
orientation to students that Al operates as a facilitative
instrument rather than a replacement for critical thinking.
Training programs should encourage the multicentred
assessment of Al-generated content, raise awareness of
potential biases, and address knowledge distortions
produced by AI systems. In parallel, institutions should
strengthen students’ understanding of the responsible use
of AL

5.4. Limitations and recommendations for
future research

Despite its contributions, the current work is subject to
certain shortcomings. First, the external environment is
limited to social influence and anthropomorphism. Future
studies could incorporate additional environmental factors,
such as university regulations, institutional support, or data
security policies. Second, this research focuses only on
students in tourism programs at Duy Tan University.
Future research could extend the sample to students from
other disciplines, such as technology, management, or
engineering, as well as to other universities or educational
contexts. Moreover, rather than focusing solely on
intention to use Al, future studies could examine long-term
engagement patterns, such as user satisfaction or continued
usage intention. Finally, this research has not yet included
factors that specifically explain the educational context,
particularly in tourism pedagogy. As a result, it is limited
in translating Al use in academic settings into tourism-
related digital literacy. Therefore, this represents an
important research gap for future studies.
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