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Abstract: The rapid integration of large language models (LLMs) in higher education has transformed students' learning
practices, particularly in applied disciplines such as tourism and hospitality education. Yet, limited empirical research explains
the factors driving their adoption. Drawing on the Technology Acceptance Model (TAM) and the Unified Theory of Acceptance
and Use of Technology (UTAUT), this study examines tourism and hospitality students' behavioural intention to use LLM-based
learning tools by incorporating content reliability, learner motivation, and social influence as extended antecedents. Data were
collected from 365 university students enrolled in tourism, hospitality and management courses in addition to the students
enrolled in other allied programs having tourism as an elective course in India and analysed using partial least squares structural
equation modelling (PLS-SEM) and Necessary Condition Analysis (NCA). The findings indicate that perceived usefulness remains
central to adoption, while learner motivation and social influence play critical enabling roles. NCA further reveals that perceived
usefulness, learner motivation, and social influence constitute necessary conditions for achieving high adoption intention. By
integrating net-effect and necessity-based approaches, the study advances technology acceptance theory in Al-enabled education in
tourism and hospitality. It offers practical insights for the responsible integration of LLMs in professional learning contexts.

Keywords: Large Language Models (LLMs), Artificial Intelligence, education, Technology Acceptance Model (TAM), Unified
Theory of Acceptance and Use of Technology (UTAUT), Necessary Condition Analysis (NCA)

INTRODUCTION

The increasing integration of artificial intelligence (Al) into higher education has transformed traditional learning
environments by redefining how students access information, construct knowledge, and engage with academic tasks.
Among recent technological developments, large language models (LLMs) have emerged as powerful educational tools
that can generate explanations, examples, feedback, and learning support across diverse academic disciplines, including
practice-oriented fields such as tourism and hospitality education. Unlike conventional digital learning systems that
primarily facilitate content delivery, LLMs actively participate in cognitive processes through conversational interaction
and adaptive responses, thereby reshaping the learner—technology relationship (Hou & Yu, 2023; Monzon & Hays, 2025).

Prior research indicates that Al-supported learning tools can enhance student engagement, self-regulated learning,
and perceived learning effectiveness when appropriately integrated into instructional contexts (Gao et al., 2024; Teo,
2019). In tourism and hospitality programs, where applied knowledge, case-based learning, service simulations, and
problem-solving are central, LLMs offer new opportunities for contextualised learning support. At the same time, the
rapid diffusion of generative Al has raised concerns related to content accuracy, ethical use, and the risk of overreliance
on Al-generated outputs, particularly in academic settings where credibility and rigour are paramount (Correia et al.,
2024; Misiejuk et al., 2024). As universities increasingly experiment with Al-enabled learning tools, understanding how
tourism and hospitality students evaluate and adopt LLM-based systems has become a pressing research concern.

From a theoretical perspective, technology acceptance research offers a robust foundation for examining students'
adoption of emerging educational technologies. The Technology Acceptance Model (TAM) and the Unified Theory of
Acceptance and Use of Technology (UTAUT) have been widely applied to explain behavioural intention in contexts such
as e-learning, mobile learning, and intelligent tutoring systems (Nistor et al., 2019; Teo, 2019), including hospitality and

* Corresponding author http://gtg.webhost.uoradea.ro/

Copyright: © 2026 by the authors.This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution
4.0 International (CC BY 4.0) License


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.30892/gtg.67319-1831
http://gtg.webhost.uoradea.ro/
https://orcid.org/0009-0004-8356-9039
https://orcid.org/0000-0002-1376-7871
https://orcid.org/0009-0007-7678-7144
https://orcid.org/0000-0002-4400-7891
https://orcid.org/0009-0008-6985-4684

Priya SINGH, Mandeep BHART]I, Sushma Rewal CHUGH,
Rohit CHAUHAN, Saud Gulzar AHMAD

tourism education settings where technology-mediated learning is increasingly prevalent. These models emphasise
perceived usefulness and perceived ease of use as key cognitive beliefs that influence acceptance, while UTAUT further
highlights the roles of social influence and facilitating conditions (Palau-Saumell et al., 2019; Venkatesh & Davis, 2000).

Empirical evidence consistently demonstrates that students are more likely to adopt digital learning technologies when they
perceive them as beneficial for academic performance and easy to operate (Hou & Yu, 2023; Shahzad et al., 2024). In
tourism and hospitality education, where learning outcomes are closely tied to industry relevance and employability,
perceived usefulness may be significant. However, scholars increasingly argue that traditional acceptance models need to
be refined when applied to Al-enabled learning systems. The autonomous, generative, and interactive nature of LLMs
introduces new evaluative criteria—such as trust in Al outputs and perceived content reliability—that extend beyond the
scope of core TAM constructs (Al-Zahrani, 2024; Cui et al., 2025). Despite the growing body of research on Al in education,
several theoretical and empirical gaps remain evident. Much of the existing literature focuses on the functional benefits of Al
tools, such as efficiency and performance gains, while paying little attention to students' concerns about the reliability and
credibility of Al-generated content. This gap is particularly salient in tourism and hospitality education, where inaccurate or
biased information may directly affect professional judgment and service decision-making. Research on Al hallucination and
misinformation suggests that uncertainty about content accuracy can undermine academic trust and weaken sustained adoption
intentions (Correia et al., 2024; Misiejuk et al., 2024). Furthermore, although learner motivation has been widely studied in
digital learning contexts, its role within extended technology acceptance frameworks for generative Al remains underexplored,
particularly in relation to perceived usefulness and behavioural intention (Cerasoli et al., 2014; Huang et al., 2025).

Similarly, while social influence has been examined in general technology adoption research, its role in legitimising the
use of LLMs within tourism and hospitality academic communities has received limited empirical attention. As a result,
there is a lack of integrative models that examine simultaneously cognitive, motivational, social, and trust-related
mechanisms shaping students' adoption of LLM-based learning tools in higher education within tourism and hospitality.

To address these gaps, the present study aims to examine tourism and hospitality students' behavioural intention to use
LLM-based learning tools by extending TAM and UTAUT with Al-specific constructs. Specifically, the study investigates
perceived usefulness and perceived ease of use as core acceptance beliefs, while incorporating content reliability, learner
motivation, and social influence as critical antecedents shaping these beliefs and behavioural intention.

Perceived usefulness is further conceptualised as a central mediating mechanism linking ease of use, content reliability,
motivation, and social influence to behavioural intention. By integrating these constructs within a unified theoretical
framework, the study offers a more comprehensive explanation of LLM adoption in tourism and hospitality education. The
originality of this research lies in its explicit treatment of content reliability as a trust-related construct and its simultaneous
examination of motivational and social drivers within an extended acceptance model. In doing so, the study advances
technology acceptance theory in the context of generative Al. It provides actionable insights for educators and institutions
seeking to integrate LLMSs into teaching and learning practices responsibly. Accordingly, this study aims to examine
tourism and hospitality students’ behavioural intention to adopt LLM-based learning tools by extending the TAM-UTAUT
framework with content reliability, learner motivation, and social influence, and to identify the necessary conditions for
high adoption intention using an integrated PLS-SEM and Necessary Condition Analysis (NCA) approach.

LITERATURE REVIEW

Theory Relevance and Al Learning

Technology acceptance theories, such as the Technology Acceptance Model (TAM) and the Unified Theory of Acceptance
and Use of Technology (UTAUT), have been widely applied to explain students' adoption of educational technologies. Within
these frameworks, behavioural intention is conceptualised as a learner's willingness to use a technology and is widely accepted
as a reliable predictor of actual usage behaviour. Empirical studies in e-learning and online education contexts demonstrate
that perceived usefulness and perceived ease of use play a central role in shaping behavioural intention, influencing learners'
satisfaction and continued engagement with digital platforms (Hou & Yu, 2023; Teo, 2019). Extensions of UTAUT further
highlight the importance of facilitating conditions, hedonic motivation, habit, and self-efficacy in predicting behavioural
intention across technology-mediated learning environments (Zheng et al., 2025). These findings suggest that students are
more likely to adopt learning technologies when they perceive them as valuable, easy to use, and supported by institutional and
social structures. Collectively, this body of research confirms the robustness of TAM and UTAUT in explaining technology
acceptance in higher education while also indicating the need for contextual adaptation as learning technologies evolve.

However, the increasing integration of artificial intelligence and large language models (LLMs) into higher education
presents challenges that extend beyond the explanatory scope of traditional TAM and UTAUT. Unlike conventional
learning technologies, LLMs actively generate instructional content, provide automated feedback, and simulate
conversational interactions, raising critical concerns about content accuracy, reliability, and trust. Prior research highlights
that students' acceptance of generative Al tools is strongly influenced by perceptions of content quality and the risk of Al
hallucinations, which can undermine academic trust and integrity (Correia et al., 2024; Misiejuk et al., 2024). Studies
further indicate that trust in Al systems is closely associated with technological performance, transparency, and ethical use,
all of which shape behavioural intention toward Al adoption (Al-Zahrani, 2024; Cui et al., 2025). These concerns suggest
that learner motivation and perceptions of content reliability are critical determinants of Al acceptance.

Consequently, extending TAM and UTAUT by incorporating Al-specific constructs provides a more comprehensive
theoretical framework for understanding students' intentions to adopt LLM-based learning tools in higher education.
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Constructs under Study

Behavioural intention (BI) is widely recognised as a core outcome variable in technology acceptance research and
represents an individual's willingness to adopt and continue using a technological system. In educational technology
contexts, Bl has consistently been employed as a reliable predictor of actual usage behaviour, particularly in e-learning
and Al-supported learning environments (Hou & Yu, 2023; Teo, 2019). Prior studies demonstrate that students'
behavioural intention is shaped by perceptions of usefulness, ease of use, and motivational factors, reinforcing its
relevance as a proxy for learning technology adoption (Zheng et al., 2025). Research further highlights the role of
facilitating conditions, hedonic motivation, and habit in strengthening behavioural intention toward digital learning
platforms, suggesting that both cognitive and affective factors influence students' willingness to engage with technology
(Zheng et al., 2025). Additionally, self-efficacy and attitudes toward technology use have been validated as significant
predictors of Bl in higher education contexts, emphasising the importance of learner confidence and perceived
competence (Teo, 2019). Collectively, these findings establish behavioural intention as an appropriate and theoretically
grounded dependent variable for examining students' acceptance of LLM-based learning tools.

Perceived Ease of Use and Perceived Usefulness

Perceived ease of use (PEOU) and perceived usefulness (PU) constitute the foundational constructs of the
Technology Acceptance Model and have been extensively validated in educational technology research. PEOU refers to
the extent to which learners believe that using a system requires minimal effort, while PU reflects the degree to which a
system enhances learning performance and outcomes (Teo, 2019). In Al-supported learning environments, these
constructs take on greater significance due to the interactive and adaptive nature of intelligent systems. Studies indicate
that user-friendly interfaces and conversational designs, such as those used by Al chatbots, enhance learners' perceptions
of ease of use, which, in turn, positively influence motivation and engagement (Foroughi et al., 2024; Gao et al., 2024).
Moreover, PU has been empirically linked to improved learning outcomes, self-regulated learning, and academic
performance in Al-based tutoring systems (Hou & Yu, 2023). Research grounded in UTAUT further demonstrates that
performance expectancy and effort expectancy jointly shape learners' acceptance of intelligent learning tools, reinforcing
the mediating role of PU between PEOU and behavioural intention (Nistor et al., 2019). These findings confirm the
central role of PEOU and PU in explaining students' adoption of LLM-based educational technologies.

Content Reliability

Content reliability in Al-supported learning environments refers to the perceived accuracy, consistency, and
trustworthiness of Al-generated or Al-assisted educational content. As LLMs increasingly generate instructional materials and
feedback, content reliability has emerged as a critical determinant of student trust and acceptance (Correia et al., 2024). Prior
research highlights that discrepancies between Al-generated outputs and human judgment, particularly in assessment and
coding tasks, can undermine learners' confidence in Al systems, necessitating hybrid human-Al approaches to ensure
reliability (Misiejuk et al., 2024). Studies examining Al-generated text further emphasise the importance of alignment between
Al outputs and established knowledge bases to enhance credibility and reduce epistemic uncertainty (Sanz et al., 2012; Virani
et al., 2020). Ethical considerations, including algorithmic bias, transparency, and data privacy, also influence perceptions of
content reliability, thereby shaping students' trust in Al-supported learning tools (Al-Zahrani, 2024). Additionally,
technological performance and explainability have been identified as key antecedents of reliability perceptions, suggesting that
reliable Al outputs reduce cognitive effort and enhance perceived usefulness (Cui et al., 2025). These findings position content
reliability as a crucial extension to traditional technology acceptance models in Al-enabled education

Learner Motivation and Social Influence

Learner motivation plays a pivotal role in shaping the adoption of educational technologies by influencing students'
engagement, persistence, and acceptance of digital learning tools. Research grounded in motivational theories distinguishes
between intrinsic motivation, driven by interest and enjoyment, and extrinsic motivation, driven by external rewards and
performance outcomes (Cerasoli et al., 2014). Empirical studies demonstrate that both motivational types significantly
predict behavioural intention toward LLM-based learning tools, with intrinsic motivation influencing the quality of
engagement and extrinsic motivation affecting the frequency of use (Huang et al., 2025). Generative Al systems further
support learner motivation by enabling personalised and self-directed learning experiences, thereby enhancing autonomy
and academic confidence (Monzon & Hays, 2025). In parallel, social influence—derived from peers, instructors, and
institutional norms—has been shown to shape students' perceptions of technology credibility and usefulness (Venkatesh &
Davis, 2000). Social cues and endorsements can strengthen trust in Al-generated content, particularly in uncertain learning
contexts, thereby increasing behavioural intention (Palau-Saumell et al., 2019). Together, learner motivation and social
influence represent critical psychological and social drivers of LLM adoption in higher education

Hypothesis Formulation

Prior research grounded in the Technology Acceptance Model (TAM) consistently demonstrates that perceived ease of
use and perceived usefulness are core determinants of behavioural intention in technology-based learning environments.
Perceived ease of use reflects how much learners believe interacting with a system requires minimal effort. In contrast,
perceived usefulness captures the extent to which a technology enhances academic performance and learning effectiveness.
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Empirical studies in e-learning and Al-supported education show that systems perceived as easy to use are more likely to
be evaluated as applicable, as reduced cognitive effort allows learners to focus on learning outcomes rather than system
operation (Shahzad et al., 2024; Sheppard & Vibert, 2019). Furthermore, perceived usefulness has been identified as a
direct predictor of behavioural intention across diverse educational technologies, including Al-based tutoring systems and
conversational agents (Li, 2020; Liu & Ma, 2024). In the context of LLM-based learning tools, intuitive interaction and
conversational design are expected to strengthen these relationships. Accordingly, the following hypotheses are proposed:

H1: Perceived ease of use positively influences perceived usefulness.

H2: Perceived usefulness positively influences behavioural intention.

H3: Perceived ease of use positively influences behavioural intention.

Beyond core TAM relationships, content reliability has emerged as a critical factor influencing students' acceptance of
Al-generated learning materials. Content reliability refers to learners' perceptions of the accuracy, consistency, and
trustworthiness of Al-generated outputs. Prior research highlights that concerns related to hallucinations, misinformation,
and lack of transparency can undermine trust in Al-supported learning systems, thereby reducing perceived usefulness and
adoption intention (Al-Zahrani, 2024; Misiejuk et al., 2024). Conversely, when Al-generated content is perceived as
reliable and aligned with established knowledge, learners are more likely to recognise its instructional value and integrate it
into their learning processes (Cui et al., 2025). Studies extending TAM and UTAUT further demonstrate that credibility-
related constructs significantly enhance the explanatory power of technology acceptance models by strengthening
perceived usefulness and behavioural intention (Palau-Saumell et al., 2019; Singh et al., 2025). In LLM-based learning
contexts, reliable content is therefore expected to play a central role in shaping students' perceptions and intentions. Thus,

H4: Content reliability positively influences perceived usefulness.

H5: Content reliability positively influences behavioural intention.

Learner motivation has been widely acknowledged as a key psychological driver of technology adoption in higher
education. Motivated learners are more inclined to adopt educational technologies when they perceive them as supporting
academic goals and self-directed learning. Prior studies grounded in UTAUT highlight performance expectancy and effort
expectancy as critical mechanisms through which motivation influences behavioural intention (Nistor et al., 2019).
Research on generative Al further indicates that LLMs enhance learner motivation by enabling personalised learning
experiences and fostering autonomy, thereby increasing engagement and perceived learning value (Monzon & Hays, 2025).
Both intrinsic and extrinsic motivation have been shown to predict behavioural intention toward Al tools, with intrinsic
motivation influencing the depth of engagement and extrinsic motivation shaping continued usage (Cerasoli et al., 2014;
Huang et al., 2025). As motivated learners are more likely to recognise the benefits of Al-supported learning tools,
motivation is expected to strengthen perceived usefulness and behavioural intention. Accordingly,

H6: Learner motivation positively influences perceived usefulness.

H7: Learner motivation positively influences behavioural intention.

Social influence represents an important social determinant of technology acceptance, particularly in educational
settings where peer interaction and institutional norms shape learning behaviour. UTAUT posits that social influence
affects individuals' perceptions of technology usefulness and their intention to adopt new systems. Empirical studies show
that recommendations from peers, instructor endorsement, and institutional support can legitimise emerging technologies
and reduce uncertainty associated with their use (Palau-Saumell et al., 2019; Venkatesh & Davis, 2000). In Al-supported
learning environments, social cues play a critical role in shaping students' trust in Al-generated content and their
perceptions of the system's value. When LLM-based tools are endorsed within academic communities, students are more
likely to view them as credible and beneficial for learning (Oc et al., 2025). Consequently, social influence is expected to
directly shape both perceived usefulness and behavioural intention toward LLM-based learning tools. Therefore,

H8: Social influence positively influences perceived usefulness.

H9: Social influence positively influences behavioural intention.

In addition to influencing perceived usefulness and intention, recent studies suggest that external factors such as
motivation, content reliability, and social influence also shape perceived ease of use in intelligent learning systems. Motivated
learners tend to invest greater effort in exploring system features, thereby reducing perceived complexity and enhancing ease
of use (Nistor et al., 2019). Similarly, reliable Al-generated content reduces verification effort and cognitive load, leading
learners to perceive LLM-based tools as easier to use (Misiejuk et al., 2024). Social influence further contributes to perceived
ease of use by facilitating observational learning and knowledge sharing among peers, which lowers perceived operational
difficulty (Venkatesh & Davis, 2000). In LLM-based learning environments, these mechanisms suggest that perceived ease of
use is not solely a technical attribute but is also shaped by psychological and social factors. Hence,

H10: Learner motivation positively influences perceived ease of use.

H11: Content reliability positively influences perceived ease of use.

Taken together, these hypothesised relationships reflect an integrative extension of TAM and UTAUT tailored to Al-
enabled learning contexts. By incorporating content reliability and learner motivation alongside traditional acceptance
constructs, the proposed framework captures the cognitive, psychological, and social mechanisms underlying students'
adoption of LLM-based learning tools. This integrative approach responds to recent calls for more comprehensive models
that address trust, reliability, and motivation in Al-supported education (Xu et al., 2024; Yan et al., 2024). The proposed
hypotheses collectively explain how learners evaluate the usefulness and usability of LLMs and how these evaluations

2050



Explaining Tourism and Hospitality Students' Adoption of Large Language Models in Higher Education:
An Integrated Tam-Utaut Framework Using Pls-Sem and Necessary Condition Analysis

translate into behavioural intention. This framework, therefore, provides a theoretically grounded basis for empirically
examining students' acceptance of LLM-based learning tools in higher education.

Mediating Hypotheses

Perceived usefulness (PU) has long been recognised as a central mediating construct within the Technology Acceptance
Model, translating users' system evaluations into behavioural intention. In Al-enhanced learning environments, PU plays an
even more critical role due to the complexity and autonomy of intelligent systems. Prior studies demonstrate that perceived
ease of use enhances perceived usefulness by reducing cognitive effort and increasing learners' trust and engagement with
Al tools (Shahzad et al., 2024; Sheppard & Vibert, 2019). Empirical research on Al-based tutoring and LLM-supported
learning further confirms that PU mediates the relationship between system characteristics and behavioural intention,
particularly when learners perceive Al tools as supporting academic performance and self-regulated learning (Li, 2020; Liu
& Ma, 2024). Extensions of TAM and UTAUT incorporating credibility-related constructs also indicate that trust-
enhancing factors strengthen PU, which in turn drives adoption intention (Palau-Saumell et al., 2019; Singh et al., 2025).
Accordingly, PU is expected to mediate the effects of perceived ease of use, content reliability, learner motivation, and
social influence on behavioural intention in LLM-based learning contexts. Thus,

H12: Perceived usefulness mediates the relationship between perceived ease of use and behavioural intention.

H13: Perceived usefulness mediates the relationship between content reliability and behavioural intention.

H14: Perceived usefulness mediates the relationship between learner motivation and behavioural intention.

H15: Perceived usefulness mediates the relationship between social influence and behavioural intention.

RESEARCH METHODOLOGY

This study employed a quantitative, cross-sectional survey design to examine students' adoption of large language
models (LLMSs) for learning, with a specific emphasis on tourism and hospitality education. The research was conducted in
India, a context that is theoretically and empirically relevant for studying Al-enabled learning adoption. India hosts one of
the world's largest higher education systems. It has witnessed rapid growth in digital infrastructure, mobile internet
penetration, and technology-mediated learning, making it an appropriate setting for examining behavioural intention toward
emerging Al tools. Prior research highlights that technology adoption dynamics in emerging economies offer critical
insights due to heterogeneous access, rapid diffusion, and evolving institutional norms surrounding digital learning
technologies (Palau-Saumell et al., 2019; Venkatesh & Davis, 2000). Data were collected with the assistance of trained
enumerators whom the authors directly supervised to ensure data quality and adherence to standardised procedures.
Respondents were informed of the study's academic purpose, assured of anonymity and confidentiality, and participation
was strictly voluntary. Informed consent was obtained prior to survey administration, in line with established ethical
standards for social science research. A structured questionnaire was used as the survey instrument, consisting of
previously validated measurement items adapted to the context of LLM-based learning. Screening questions were included
to ensure respondent relevance; only students with both an internet-enabled smartphone and a laptop with active internet
access were included, as meaningful interaction with LLMs requires consistent multi-device access—the questionnaire
measured six constructs. Perceived Ease of Use and Perceived Usefulness were adapted from established TAM scales to
capture the ease of learning, operational simplicity, and learning effectiveness of Al tools. Content Reliability was
measured using items adapted from tourism and information reliability literature, emphasising accuracy, trustworthiness,
bias-free content, completeness, and professional quality. Social Influence items captured peer, instructor, and normative
pressure to use Al tools, grounded in TAM and UTAUT (Davis, 2004; Venkatesh & Davis, 2000). Learner Motivation
items were adapted from motivation research emphasising enjoyment, curiosity, and the value of learning. Behavioural
Intention was measured using intention-to-use items that reflect future reliance on and continued exploration of Al tools.

The final sample comprised 365 valid student responses, meeting established thresholds for PLS-SEM analysis.
According to Hair et al. (2019), a minimum sample size of 200 and a sample-to-item ratio of at least 10:1 are sufficient for
reliable model estimation and adequate statistical power in complex models. With six latent constructs and reflective
indicators, the sample size exceeds the recommended minimum, ensuring analytical adequacy. Descriptive analysis
revealed diverse LLM usage patterns, with ChatGPT being the most widely used tool (94.2%), followed by Perplexity
(41.4%), Copilot (23.6%), DeepSeek (8.0%), Gemini variants (4.0%), Google alone (0.8%), and Grok (0.8%). Data
screening and preliminary analyses were conducted using SPSS 27 to assess missing values, outliers, and distributional
properties. Hypothesis testing and structural relationships were examined using SmartPLS, which is well-suited for
exploratory models involving multiple predictors and complex causal relationships. This methodological approach ensures
rigour, robustness, and alignment with best practices in technology acceptance and Al-in-education research.

RESULTS

Table 1 presents the demographic profile of the respondents. The sample was predominantly male (81.1%) and
composed mainly of undergraduate students (90.4%), reflecting the typical demographic structure of technology-intensive
programs in Indian higher education. Public and private institutions were almost equally represented, ensuring institutional
diversity. A majority of respondents reported daily use of Al tools (64.4%), with most indicating intermediate levels of Al
experience (45.5%). Students from tourism and hospitality disciplines constituted the largest group (45.75%), followed by
engineering and management students (27.12% each). This disciplinary spread enhances the generalizability of the findings
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across applied and professional education domains. The descriptive statistics further confirm that the sample is appropriate
for examining behavioural intention toward LLM-based learning tools in a multi-disciplinary academic context.

Table 1. Demographic variables result

Characteristic Category Frequency (n) Percentage (%)

Gender Male 296 81.1
Female 69 18.9

Education Level Undergraduate 330 90.4
Postgraduate 35 9.6

Type of Institution Public 181 49.6
Private 184 50.4

Al Usage Frequency Daily 235 64.4
Weekly 130 35.6

Experience with Al Intermediate 166 455
Beginner 108 29.6

Advanced 91 24.9

Discipline Tourism & Hospitality 167 45.75

Engineering 99 27.12

Management 99 27.12

Measurement model results

The measurement model was evaluated by examining indicator reliability, internal consistency, convergent validity,
and discriminant validity, following established guidelines for PLS-SEM analysis. Indicator reliability was first assessed
using standardised factor loadings. All observed indicators load firmly on their respective latent constructs, with values
exceeding the recommended threshold of 0.70, indicating that each item explains at least 50% of the variance in the
underlying construct (Hair et al., 2019). Specifically, factor loadings ranged from 0.741 to 0.895 for perceived ease of
use, 0.834 to 0.884 for perceived usefulness, 0.843 to 0.884 for content reliability, 0.755 to 0.850 for social influence,
0.864 to 0.884 for learner mativation, and 0.876 to 0.886 for behavioural intention. These results confirm the strong
reliability of the indicators and justify retaining all measurement items in the model (Table 2). Internal consistency
reliability was assessed using Cronbach's alpha and composite reliability.

Table 2. Measurement model results (a: Cronbach's alpha; CR: Composite reliability; AVE: Average variance extracted)

Cosntruct and Items Code | Loadings | VIF o ( rﬁ: oF\i a) | ( rk? oFi ) AVE
Perceived Ease of Use (Martinez-Torres et al., 2008; VVenkatesh & Davis, 2000) 0.852| 0.856 | 0.901 | 0.696
It is easy to learn how to use Al tools for my studies. PE1 0.741 1475
I can quickly find what | need using Al tools. PE3 0.849 2.196
The steps to use Al tools are simple. PE4 0.895 2.726
Al tools are easy to understand and operate. PE5 0.844 2.269
Perceived Usefullness (Martinez-Torres et al., 2008; Venkatesh & Davis, 2000) 0.879| 0.882 | 0.916 | 0.733
Al tools improve my learning in tourism/hospitality/airline courses. PU1 0.851 2.408
Al tools help me complete course-related tasks more easily. PU2 0.884 2.672
Al tools are more effective than traditional methods for learning tourism PU3 0.834 2.057
Al tools help me quickly find useful content for my studies. PU4 0.855 2.180
Content Reliability(Ayeh et al., 2013) 0.912| 0.913 | 0.934 |0.739
The content from Al tools is accurate. CR1 0.843 2.391
The content is trustworthy. CR2 0.873 2.690
The content is free from bias. CR3 0.884 2.844
The content is complete and relevant. CR4 0.849 2.324
The content is professionally written. CR5 0.849 2447
Saocial Influence (Venkatesh & Davis, 2000) 0.881| 0.883 | 0.913 | 0.678
My classmates use Al tools for our field of study. INF1 0.755 1.671
My teachers encourage the use of Al tools. INF2 0.833 2.220
My friends suggest using Al tools for learning. INF3 0.837 2.206
People around me think I should use Al tools. INF4 0.850 2.399
Successful students | know use Al tools. INF5 | 0.839 2.229
Learner Motivation (Deci et al., 2001) 0.897| 0.898 | 0.928 | 0.764
I enjoy learning my course topics using Al tools. LM1 0.864 2422
| want to learn more through Al tools. LM2 0.877 2.547
Al tools make learning more valuable to me. LM3 0.884 2.612
Al tools make me curious to explore my subjects further. LM4 0.871 2419
Behavioural Intention (Venkatesh & Davis, 2000) 0.857| 0.859 | 0.913 | 0.778
I plan to use Al tools regularly for studying. BIl 0.876 2.147
| expect to rely on Al tools next semester. BI2 0.883 2.090
| want to explore new topics using Al tools. BI3 0.886 2211
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All constructs demonstrate values well above the recommended minimum threshold of 0.70, indicating satisfactory
reliability (Hair et al., 2019). Composite reliability values ranged from 0.901 to 0.934, indicating high internal
consistency without redundancy. Convergent validity was evaluated using average variance extracted (AVE). All AVE
values exceed the recommended cutoff of 0.50, confirming that each construct explains more than half of the variance of
its indicators (Fornell & Larcker, 1981). Additionally, variance inflation factor (VIF) values were examined to assess
collinearity at the indicator level. All VIF values fall below the conservative threshold of 5, indicating no
multicollinearity concerns and supporting the stability of the parameter estimates (Hair et al., 2019).

Discriminant validity was assessed using both the Fornell-Larcker criterion and the heterotrait-monotrait (HTMT)
ratio. According to the Fornell-Larcker criterion, the square root of AVE for each construct should exceed its correlations
with other constructs (Fornell & Larcker, 1981). This condition is satisfied for all constructs in the model. Furthermore,
HTMT values were examined, as this method is considered more sensitive in detecting discriminant validity issues
(Henseler et al., 2015). All HTMT ratios are below the conservative threshold of 0.90, confirming adequate discriminant
validity. Collectively, these results indicate that the measurement model demonstrates strong reliability and validity,
providing a sound basis for subsequent structural and necessity analyses (Table 3).

Table 3. Discriminant validity using Fornell-Larcker criteria and HTMT ratio
Heterotrait-Monotrait ratio (HTMT) ratio

Behavioral Content Learner Perceived Perceived Social
Intention Reliability Motivation Ease of Use Usefulness Influence
Behavioral Intention
Content Reliability 0.739
Learner Motivation 0.751 0.744
Perceived Ease of Use 0.718 0.817 0.713
Perceived Usefulness 0.767 0.750 0.875 0.776
Social Influence 0.864 0.709 0.654 0.788 0.692
Fornell-Larcker criterion
Behavioral Intention 0.882
Content Reliability 0.655 0.860
Learner Motivation 0.659 0.674 0.874
Perceived Ease of Use 0.616 0.722 0.622 0.834
Perceived Usefulness 0.668 0.675 0.781 0.674 0.856
Social Influence 0.755 0.639 0.583 0.682 0.611 0.823

Path analysis

The structural model was evaluated by examining path coefficients (f3), t-statistics, p-values, and the significance of
direct and indirect effects (Table 4 & Figure 1). Consistent with the Technology Acceptance Model, perceived ease of
use positively affects perceived usefulness (B = 0.201, p < 0.01), indicating that students who find Al tools easier to use
are more likely to perceive them as applicable for academic learning. However, perceived ease of use does not directly
influence behavioural intention (B = —0.041, p > 0.05), suggesting that ease alone is insufficient to drive adoption unless
students also perceive tangible learning benefits. Perceived usefulness significantly predicts behavioural intention (f =
0.163, p < 0.05), reaffirming its central role as a key determinant of technology adoption.

PU1 PU2 PU3 PU4

M1 M2 M3, M4

Perceived Usefullness

Learner Motivation

CR1

CR2

CR3

CR4

Content Reliability, Behavioural Intention

CRS
-0.045
Social Influence

Perceived Ease of Use

INF1

INF2 INF3

PE1 PE3 PE4 PES

Figure 1. Results of path analysis using PLS SEM
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Content Reliability demonstrates a strong positive influence on perceived usefulness (B = 0.199, p < 0.01),
highlighting that students' perceptions of accuracy, trustworthiness, and completeness of Al-generated content
substantially enhance perceived learning value. Although the direct effect of content reliability on behavioural intention
is not significant, this finding suggests that credibility primarily operates through cognitive evaluations rather than
directly influencing intention formation. Learner motivation emerges as the strongest predictor of perceived usefulness (3
=0.553, p <0.001) and also exerts a significant direct effect on behavioural intention (B =0.175, p < 0.05).

This indicates that intrinsically motivated learners are more likely to recognise the value of Al tools and intend to use
them. Social influence significantly affects both perceived usefulness (f = 0.161, p < 0.01) and behavioural intention (f =
0.490, p < 0.001), underscoring the decisive role of peers, instructors, and academic norms in legitimising Al use.
Mediation analysis reveals that only the indirect effect of social influence on behavioural intention via perceived usefulness
is significant, while other mediating paths are not supported. These findings suggest that social endorsement strengthens
adoption primarily by enhancing perceptions of usefulness rather than by altering perceptions of usability.

Table 4. Path analysis results

Path Beta Lower | Upper | T statistics | P values Result
H1: Perceived Ease of Use -> Perceived Usefulness 0.201 2.879 0.004** Supported
H2: Perceived Ease of Use -> Behavioral Intention -0.041 0.580 0.562™ | Not-Supported
H3: Perceived Usefulness -> Behavioral Intention 0.163 2.046 0.041* Supported
H4: Content Reliability -> Perceived Usefulness 0.199 3.048 0.002** Supported
H5: Content Reliability -> Behavioral Intention 0.143 1.906 0.057™ [ Not-Supported
H6: Learner Motivation -> Perceived Usefulness 0.553 7.869 0.000*** Supported
H7: Learner Motivation -> Behavioral Intention 0.175 2.163 0.031* Supported
H8: Social Influence -> Perceived Usefulness 0.161 2.716 0.007* Supported
H9: Social Influence -> Behavioral Intention 0.490 6.770 0.000*** Supported
H10: Learner Motivation -> Perceived Ease of Use 0.156 2.363 0.018™ [ Not-Supported
H11: Content Reliability -> Perceived Ease of Use 0.403 5.309 0.000*** Supported

H12: Perceived Ease of Use -> Perceived Usefulness -
> Behavioral Intention
H13: Content Reliability -> Perceived Usefulness -> NS
Behavioral Intention 0.032 0.005 0.090 1.620 0.105 Not-Supported
H14: Learner Motivation -> Perceived Usefulness ->
Behavioral Intention

H15: Social Influence -> Perceived Usefulness ->
Behavioral Intention 0.026 0.006 0.060 1.963 0.050* Supported

0.033 | 0.001 0.07 1.800 0.072™ | Not-Supported

0.090 | 0.007 | 0.203 1.839 0.066 ™ | Not-Supported

NCA Analysis

To complement the net-effect logic of PLS-SEM, a Necessary Condition Analysis (NCA) was conducted to
determine whether specific antecedents constitute indispensable conditions for achieving higher levels of behavioural
intention toward Al-based learning tools. Unlike SEM, which explains average causal effects, NCA focuses on
identifying conditions that must be present at minimum levels for an outcome to occur (Dul et al., 2023). The presence
of empty spaces in the upper-left corners of the ceiling line charts indicates necessity relationships, suggesting that
higher levels of behavioural intention cannot be achieved when key antecedents remain below certain thresholds.

The effect size results (Table 6) reveal that perceived usefulness emerges as the strongest necessary condition (d =
0.32), exceeding the threshold for a medium-to-strong necessity effect as proposed by Dul (2016). This indicates that
without a minimum level of perceived usefulness, high behavioural intention toward Al tools cannot be attained.
Learner maotivation (d = 0.207), content credibility (d = 0.21), and social influence (d = 0.185) demonstrate medium
necessity effects, suggesting that each of these conditions must reach certain minimum levels to enable higher adoption
intention. Perceived ease of use shows a more negligible yet meaningful necessity effect (d = 0.193), indicating that
usability acts as a basic enabling condition rather than a dominant driver. All permutation tests are significant (p =
0.000), confirming that the identified necessity effects are statistically robust and not attributable to random variation.

Table 5. NCA Bottleneck table

Behavioral intention | Content reliability | Learner motivation | Perceived ease of use | Perceived usefulness | Social influence

0.00% -4.172 NN NN NN NN NN
10.00% -3.645 NN NN NN NN NN
20.00% -3.118 NN NN NN NN NN
30.00% -2.591 NN -4.076 NN -3.913 NN
40.00% -2.064 -3.232 -4.076 -3.321 -3.08 -3.567
50.00% -1.537 -3.232 -4.076 -3.321 -3.08 -3.567
60.00% -1.01 -3.232 -2.64 -3.321 -3.08 -3.567
70.00% -0.482 -3.232 -2.64 -3.321 -2.556 -3.192
80.00% 0.045 -2.232 -2.459 -3.321 -2.556 -3.192
90.00% 0.572 -1.951 -1.523 -3.058 -1.374 -0.467
100.00% 1.099 -1.753 -1.523 -1.106 -0.64 -0.098
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The bottleneck analysis (Table 5) further clarifies the minimum levels required for different degrees of behavioural
intention. At lower outcome levels (below 30%), no antecedent imposes a binding constraint, indicating that minimal intention
can occur even with low levels of the predictors. However, as behavioural intention increases, clear bottlenecks emerge. For
example, achieving moderate adoption levels (50%) requires a minimum threshold for content credibility, learner motivation,
perceived ease of use, perceived usefulness, and social influence. At higher outcome levels (70-90%), perceived usefulness
and learner motivation impose the most stringent bottlenecks, indicating that firm adoption intention cannot be achieved unless
students perceive Al tools as genuinely beneficial and are intrinsically motivated to use them. Social influence also becomes
increasingly constraining at higher levels of behavioural intention, highlighting the role of peer and institutional validation in
legitimising the use of Al. Importantly, comparison with PLS-SEM results highlights causal asymmetry. While some
constructs—such as perceived ease of use and content credibility—exhibit weak or non-significant direct effects in the
structural model, NCA demonstrates that they remain necessary conditions at higher adoption levels. This confirms that
conditions may be necessary without being sufficient, reinforcing the complementary value of combining SEM and NCA
(Dul, 2016). Overall, the NCA findings provide a nuanced understanding of Al adoption by revealing critical bottlenecks that
must be addressed to foster students' behavioural intention towards Al-based learning tools.

Table 6. NCA effect size

Beta Estimate 95.00% Result
Content Reliability 0.21 0114 An increase in exogenous construct will increase the outcome, no
minimum level of construct needed to ensure the outcome
. Increase in exogeneous construct will increase the outcome, a certain
Learner Motivation 0.207 0.075 level (bottleneck) is necessary for the outcome
. An increase in exogeneous construct will increase the outcome, no
Perceived Ease of Use . 0113 minimum level of construct needed to ensure the outcome
Perceived Usefulness 032 0106 Increase in exogeneous construct will increase the outcome, a certain
level (bottleneck) is necessary for the outcome
. Increase in exogeneous construct will increase the outcome, a certain
Social Influence 0.185 0.06 level (bottleneck) is necessary for the outcome

DISCUSSION AND CONCLUSION

The findings of this study provide nuanced insights into how tourism and hospitality students evaluate and adopt LLM-
based learning tools within higher education contexts. Overall, the results reaffirm the central importance of perceived
usefulness as the primary driver of adoption intention. Students appear to place greater emphasis on the academic value and
learning enhancement offered by Al tools than on their operational simplicity. This observation aligns with prior research
suggesting that learners adopt educational technologies when they clearly support performance improvement and knowledge
acquisition rather than merely offering convenience (Hou & Yu, 2023; Teo, 2019). Interestingly, perceived ease of use does
not directly translate into stronger adoption intention, indicating that contemporary students—already accustomed to digital
platforms—may consider usability as a baseline expectation rather than a decisive motivator. In technology-saturated
learning environments, ease of use functions as a hygiene factor, necessary but insufficient to stimulate adoption.

This shift reflects the maturation of digital learning ecosystems, in which students increasingly evaluate technologies based
on their pedagogical contribution rather than their technical novelty. Consequently, the findings suggest that institutions
seeking to promote LLM adoption must foreground the value of learning and the relevance of outcomes rather than focusing
solely on interface design or technical accessibility. A second key insight concerns the role of content reliability in shaping
students' cognitive evaluations of Al tools. While content reliability does not directly influence behavioural intention, it
significantly strengthens perceptions of usefulness, suggesting that students assess credibility before acknowledging the
learning value of Al-generated content. This finding resonates with growing scholarly concern over Al hallucinations,
misinformation, and epistemic uncertainty associated with generative models (Correia et al., 2024; Misiejuk et al., 2024).

Students appear cautious in integrating Al tools into their academic routines unless the content is perceived as accurate,
unbiased, and professionally articulated. Rather than acting as a direct motivator, content reliability operates as an enabling
condition that legitimises the perceived benefits of LLMs. This underscores a critical distinction between trust and utility:
students may recognise the potential usefulness of Al tools, but sustained adoption depends on confidence in the quality of the
content. The findings, therefore, highlight the importance of trust-related constructs in Al adoption research and suggest that
content reliability plays a foundational role in shaping meaningful engagement with generative Al in educational settings.
Learner motivation and social influence emerge as particularly salient drivers of LLM adoption, reinforcing the importance of
psychological and social mechanisms in technology acceptance. Motivated learners are more inclined to experiment with Al
tools, recognise their pedagogical value, and integrate them into self-directed learning practices.

This finding aligns with motivational theory, which emphasises the role of intrinsic interest and perceived value in
sustaining engagement with learning technologies (Cerasoli et al., 2014; Huang et al., 2025). Social influence further amplifies
adoption by shaping normative beliefs and reducing uncertainty surrounding Al use. Peer usage, instructor encouragement,
and institutional acceptance appear to legitimise Al tools, thereby strengthening students' intention to adopt them. Notably,
integrating PLS-SEM and NCA reveals causal asymmetry: some factors may not exert strong average effects but remain
indispensable for achieving higher levels of adoption. These findings challenge linear assumptions embedded in traditional
acceptance models and demonstrate that a combination of drivers and constraints shapes Al adoption. Together, these results
offer a more nuanced understanding of student decision-making in Al-enhanced learning environments.
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Theoretical implications

This study advances technology acceptance theory by extending TAM and UTAUT to reflect better the distinctive
characteristics of generative Al systems in tourism and hospitality education. By integrating content reliability and
learner motivation alongside traditional acceptance constructs, the study responds to calls for more context-sensitive
frameworks that can explain the adoption of autonomous and generative technologies.

The findings reaffirm perceived usefulness as the central explanatory construct, yet demonstrate that trust-related and
motivational mechanisms shape usefulness itself. This challenges the sufficiency of conventional acceptance models
when applied to Al-driven learning environments and supports emerging scholarship that emphasises trust, credibility,
and epistemic evaluation as integral components of Al acceptance (Al-Zahrani, 2024; Cui et al., 2025). Consequently,
the study contributes to theory by repositioning content reliability as a foundational antecedent that conditions cognitive
evaluations of Al systems rather than acting as a direct behavioural driver.

A second theoretical contribution lies in the methodological integration of net-effect and necessity-based
perspectives. While PLS-SEM identifies dominant predictors of adoption intention, NCA reveals the minimum
conditions required to achieve higher levels of acceptance. The finding that specific constructs are necessary but not
sufficient introduces causal asymmetry into Al adoption research, extending prior work that assumes symmetric causal
relationships. This dual-theoretical lens enriches understanding by distinguishing between drivers that increase the
likelihood of adoption and conditions that must be present to avoid adoption failure. As such, the study contributes to a
more nuanced and realistic theorisation of technology acceptance in Al-enabled education.

Practical implications

The findings offer several actionable implications for educators, institutional leaders, and Al developers seeking to
responsibly integrate LLMs into higher education. First, institutions should prioritise demonstrating the academic value
of Al tools rather than emphasising technical features alone. Students are more likely to adopt LLMs when they clearly
improve learning outcomes, facilitate deeper understanding, and support task completion.

Embedding Al tools into curricula through guided learning activities, reflective exercises, and assessment support
can strengthen perceptions of usefulness and encourage sustained engagement. Second, ensuring content reliability is
critical. Institutions should develop clear guidelines for Al use, promote verification practices, and encourage
transparency regarding Al-generated outputs to build trust and reduce epistemic uncertainty among learners.

Equally important are learner motivation and social norms. Educators can foster positive attitudes toward Al by
modelling ethical and purposeful use of LLMs in teaching and assessment. Peer-led demonstrations, instructor
endorsement, and institutional support can normalise the use of Al and reduce apprehension about emerging
technologies. Although perceived ease of use may no longer serve as a primary motivator, it remains a foundational
requirement that enables higher-order evaluations of usefulness and motivation.

Ensuring intuitive interfaces, accessible support, and digital literacy training can therefore create an environment
conducive to meaningful Al adoption. Together, these strategies can help institutions move from experimental adoption
of Al to a pedagogically grounded, sustainable integration of LLM-based learning tools.

Limitations and future scope

Despite its contributions, this study has limitations that open avenues for future research. The cross-sectional design
limits causal inference, suggesting the need for longitudinal studies to examine how students' perceptions and intentions
toward LLMs evolve. The sample was drawn from Indian higher education, which may limit generalizability to other
cultural or institutional contexts. Future studies could conduct cross-country comparisons or discipline-specific analyses
to capture contextual variation. Additionally, future research may incorporate learning outcomes, ethical attitudes, or
self-regulated learning behaviours to further enrich Al adoption models. Experimental and mixed-method approaches
could also provide deeper insights into how students interact with LLMs in real learning scenarios.
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