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ABSTRACT

Purpose: Generative artificial intelligence (GenAl) tools like ChatGPT, Gemini, and Copilot are transforming the
landscape of teaching, learning, assessment, and research within universities. However, there is considerable
variation among institutions in their preparedness to manage and facilitate the integration of these technologies.
This study investigates how perceived opportunities and challenges, along with institutional readiness, influence
attitudes, behavioral intentions, and the utilization of GenAl by faculty and students at universities.

Design: Utilizing the Unified Theory of Acceptance and Use of Technology (UTAUTZ2) alongside the
Technology—Organisation—Environment (TOE) framework, we developed and assessed a model comprising seven
hypotheses. A cross-sectional survey was conducted with 420 participants (168 faculty members and 252 students)
from 12 higher education institutions. The data were analyzed employing exploratory factor analysis,
confirmatory factor analysis, and covariance-based structural equation modeling using IBM SPSS AMOS
software. Additional techniques included bias-corrected bootstrapping, moderation analysis, and multi-group
comparison.

Findings: The measurement model exhibited a strong fit (y?/df = 1.53, CFI = .968, RMSEA = .036). Both
perceived opportunities (f = .50) and perceived challenges ( = —.23) were significant predictors of attitude; this
attitude subsequently influenced behavioural intention (B = .46). Institutional readiness directly affected intention
(B =.25) and moderated the relationship between intention and use (p = .14). Attitude served as a partial mediator
for the impact of opportunities while fully mediating the effect of challenges. Notably, institutional readiness was
found to be greater among faculty compared to students as well as in private institutions.

Originality and implications: This research merges individual-level factors influencing adoption with an
institutional-readiness framework two components that are frequently examined independently. The results
indicate that clarity in policy directives, development programs for faculty, and redesigning assessments are
equally crucial as individual motivation in promoting responsible usage of GenAl technologies.

Keywords: GenAl, Institutional Readiness, Technology Adoption, Behavioural Intention, Higher Education.

INTRODUCTION
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The public introduction of ChatGPT in November 2022 represented a significant change for higher education.
Within just a few months, large language models (LLMs) began to be utilized for various purposes, including
essay composition, literature summarization, code generation, lecture material creation, and tutoring-style
feedback [1]. Unlike previous educational technologies, Generative Al (GenAl) is versatile, easily accessible,
intuitively conversational, and has been adopted organically by both students and staff often more swiftly than
institutions can provide guidance [2]. This situation gives rise to a dual narrative: on one hand, GenAl offers
potential benefits such as personalized learning experiences, increased productivity, broader access to support
resources, and novel creative opportunities. Conversely, it also prompts concerns regarding academic integrity
issues, the production of misleading content, algorithmic biases, data privacy risks, excessive dependence on
technology, and disparities in access [3]. Universities find themselves navigating between outright bans and
uncritical acceptance of this technology. Many institutions are unprepared due to the absence of formal policies,
trained personnel, appropriate infrastructure, or assessment frameworks that align with an environment rich in Al
capabilities [4]. Most existing empirical research primarily focuses on individual user acceptance through models
such as the Technology Acceptance Model (TAM) or the Unified Theory of Acceptance and Use of Technology
(UTAUT), while considerations of institutional readiness are often relegated to background information or
qualitative analyses [5]. Three notable gaps arise from the current literature. First, there is a persistent
fragmentation in perspectives; perceptions of opportunities and challenges are seldom examined together as
competing factors influencing attitudes [6]. Second, there is insufficient exploration of the institutional dimension;
few studies quantitatively evaluate institutional readiness regarding policy development, infrastructure adequacy,
training provisions, leadership effectiveness, and governance structures while assessing their influence on
transforming intentions into actual usage [7]. Thirdly, most existing research tends to focus on single stakeholder
groups primarily students or faculty restricting comparative insights into how these two groups perceive and react
to this emerging phenomenon [8].

1. LITERATURE REVIEW

1.1. Generative Al in Teaching and Learning

GenAl encompasses models that generate original text, images, code, or other forms of content in reaction to
specific prompts. In the field of education, initial evaluations of Al applications primarily highlighted adaptive
tutoring systems, predictive analytics, and assessment tools, all with minimal involvement from educators [9].
The advent of LLMs has transformed this environment by empowering end users with generative capabilities.
Reported educational applications include tailored explanations, formative assessments, language assistance,
brainstorming sessions, lesson planning, rubric creation, and simulated conversations [10]. Research on learning
outcomes presents a mixed picture: advantages appear most pronounced when GenAl provides support rather than
substitutes cognitive engagement and are least effective when it is used to circumvent the learning process.

1.2. Opportunities

The literature focused on opportunities emphasizes the capacity of Al to improve teaching, learning,
research, and administrative efficiency in higher education. Al technologies enable personalized
learning by delivering on-demand support, tailoring explanations to varying comprehension levels, and
offering learners access to multilingual and interactive resources [11]. These attributes can broaden
access to educational assistance beyond traditional classroom environments, allowing students to
interact with learning materials at their own pace [12]. Additionally, Al provides significant
productivity enhancements for faculty and administrative personnel by aiding in lesson planning,
drafting documents, summarizing information, generating feedback, developing content, and handling
routine administrative duties [13]. By minimizing the time spent on repetitive tasks, these tools may
empower educators to focus more on mentoring students and engaging them in higher-level pedagogical
activities. In the realm of research, Al applications can assist with programming, data analysis, initial
literature reviews, conceptual development, and idea generation thereby streamlining various phases of
the research process. Nonetheless, such applications necessitate human oversight to guarantee accuracy,
originality, and methodological rigor [14]. Moreover, Al fosters opportunities for pedagogical
innovation through interactive simulations, Al-assisted problem-solving exercises, case-based learning
scenarios, and adaptive learning initiatives that encourage students to apply knowledge in real-world
contexts. These advancements can aid educators in transitioning from traditional instructional methods
toward more flexible and learner-centered approaches [15]. Overall, these anticipated advantages align
with performance expectancy as outlined in UTAUT2 reflecting individuals' beliefs regarding
technology's ability to enhance their performance and correspond with the notion of relative advantage
in the TOE framework that highlights perceived benefits of new technologies compared to existing
practices. Consequently, when both students and faculty perceive Al as a tool for improving educational
outcomes, boosting productivity, supporting research endeavours, and driving pedagogical innovation,
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they are likely to cultivate more positive attitudes toward its adoption and show greater intentions to
incorporate it into higher education methodologies [16].

1.3. Challenges and Risks

Academic integrity has become a significant issue with the integration of artificial intelligence in higher
education. This concern is particularly focused on unauthorized Al-assisted assignments, plagiarism,
authorship attribution, and establishing clear guidelines for Al utilization in academic endeavours. The
challenges posed by Al-detection tools, such as the risk of false positives and variability in outcomes,
complicate the task of differentiating between students' original work and content produced by Al [17].
Additionally, concerns about accuracy and bias are pronounced since LLMs can generate persuasive yet
factually incorrect information while also perpetuating societal stereotypes or biases found within their
training datasets. These limitations prompt critical questions regarding the reliability, fairness, and
appropriateness of Al-generated materials for academic learning and research [18]. Moreover, privacy
and data governance necessitate thorough scrutiny; uploading student records, personal details,
unpublished research findings, or confidential institutional documents to commercial Al platforms
could lead to inappropriate access, retention, or secondary usage of sensitive information. Such actions
pose ethical and regulatory dilemmas related to informed consent, data protection, confidentiality, and
institutional responsibility [19]. Excessive dependence on Al tools may hinder students’ cognitive
engagement along with their development in independent reasoning, critical thinking skills, problem-
solving abilities, and academic writing capabilities by promoting an uncritical acceptance of generated
outputs without adequate evaluation or reflection [20]. Equity issues also arise as disparities in access
to advanced Al tools, dependable digital infrastructure, and proficiency in Al could result in unequal
educational opportunities among students and institutions. Those with better technological resources
and enhanced Al skills might gain disproportionate advantages which could exacerbate existing
educational inequalities [21]. Together, these issues contribute to perceived risks and uncertainties
surrounding technology adoption that shape how both students and faculty assess the utility, reliability,
and acceptability of Al tools. Within the framework of technology adoption theory, such perceptions
may undermine positive attitudes as well as behavioural intentions toward these technologies [22].
Furthermore, fears related to complexity, responsible use practices, and the implications of improper
implementation may significantly affect how widely individuals embrace and utilize Al technologies
within higher education.

1.4. Institutional readiness

Institutional readiness pertains to an organization’s ability to responsibly and effectively adopt,
implement, and manage technology. Utilizing the TOE framework alongside existing research on Al
policies in higher education, institutional readiness includes several key elements: the clarity of
regulations regarding acceptable and prohibited technology usage, the presence of digital infrastructure
with equitable access, and training opportunities that enhance Al literacy among faculty and students
[23]. Leadership support is also a crucial factor, as is institutional guidance for adapting assessments in
light of new technologies, along with ethical governance frameworks that foster transparency,
accountability, and responsible usage [24]. These aspects are especially vital in the context of higher
education, where integrating Al necessitates a balance between technological advancements and
commitments to academic integrity, effective pedagogy, and ethical obligations. Nevertheless,
approaches to Al adoption vary significantly across institutions; many universities still rely on informal
methods and individual instructor choices instead of robust institutional policies and cohesive
implementation strategies [25]. From the viewpoint of the UTAUT?2, institutional readiness can be
perceived as a facilitating condition that offers essential resources, guidance, and organizational support
for adopting technology. Consequently, heightened institutional readiness is anticipated not only to
promote direct adoption of Al technologies but also to enhance the link between behavioral intention
and actual technology utilization.

1.5. Theoretical Foundations

The TAM elucidates the process of technology adoption based on perceived usefulness and perceived
ease of use. In contrast, UTAUT and its extension, UTAUTZ2, broaden this framework by introducing
concepts such as performance expectancy, effort expectancy, social influence, facilitating conditions,
hedonic motivation, and habit [26]. Further research has elaborated on these models within various
technological and organizational settings. To complement these individual-level insights, the TOE
framework underscores the importance of organizational conditions in the adoption of new technologies
[27]. Building upon these theoretical underpinnings, this study investigates how students’ and faculty
members’ perceptions of Al opportunities and challenges affect their attitudes and behavioral intentions,
with institutional readiness facilitating the transition from intention to actual utilization. This
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comprehensive approach leads to the primary research question: How do perceived opportunities,
challenges, and institutional readiness impact Al adoption among students and faculty in higher
education? This study makes contributions in several ways: Theoretically, it merges UTAUT2-type
individual factors with a multidimensional TOE-based readiness construct. Methodologically, it
employs robust covariance-based structural equation modeling along with measurement invariance
testing across different stakeholder groups. Practically, it provides evidence-backed priorities for
university leaders involved in developing policies and capacity-building programs related to GenAl.
1.6. Hypothesis development

H1. Perceived opportunities positively influence attitude toward GenAl. Beneficial outcomes foster favourable
evaluations.

H2. Perceived challenges negatively influence attitude toward GenAl. Perceived risk and ethical concerns depress
favourable evaluation.

H3. Institutional readiness positively influences behavioural intention. Clear policy, training and infrastructure
reduce uncertainty and signal legitimacy.

H4. Attitude positively influences behavioural intention.

H5. Behavioural intention positively influences actual use.

H6. Attitude mediates the effects of (a) perceived opportunities and (b) perceived challenges on behavioural
intention.

H7. Institutional readiness positively moderates the relationship between behavioural intention and actual use: the
link is stronger when readiness is higher.

2. METHODOLOGY

A cross-sectional quantitative survey was conducted among faculty members and undergraduate, postgraduate,
and doctoral students across 12 public, private, and deemed universities using stratified purposive sampling. Data
were collected through an online questionnaire between January and March 2026. Of the 600 invitations
distributed, 463 responses were received, of which 420 were usable. Sample adequacy was assessed based on
established recommendations for structural equation modelling. The questionnaire was developed using validated
measures from prior studies, reviewed by five experts, and refined through a pilot study involving 40 respondents.
Participation was voluntary and anonymous; Data were analysed using SPSS 28 and AMOS 28. The analytical
procedure included data screening, descriptive statistics, exploratory factor analysis, common method bias
assessment, confirmatory factor analysis, and structural equation modelling. Convergent and discriminant validity
were assessed using established criteria. Maximum likelihood estimation and 5,000 bias-corrected bootstrap
resamples were employed to examine structural relationships and indirect effects. Moderation analysis, multi-
group measurement invariance, structural comparisons, and group-difference tests were also conducted. Model fit
was evaluated using established thresholds for chi-square to degrees of freedom, CFI, TLI, RMSEA, and SRMR.

3. RESULTS
3.1. Data screening and sample profile
Table 1. Respondent Profile

Variable Category n %
Role Undergraduate student 126 30.0
Postgraduate student 84 20.0
Doctoral student 42 10.0
Faculty 168 40.0
Gender Male 214 51.0
Female 206 48.1
Institution type Public 189 45.0
Private 168 40.0
Deemed 63 15.0
GenAl use frequency Daily 105 25.0
Weekly 189 45.0
Monthly 84 20.0
Rarely / never 42 10.0

3.2. Descriptive statistics
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Table 2. Descriptive Statistics

Construct Mean SD Skewness Kurtosis
Perceived Opportunities (PO) 3.92 0.71 —-0.52 0.31
Perceived Challenges (PC) 3.64 0.78 —-0.28 —0.12
Institutional Readiness (IR) 3.11 0.84 —-0.05 -0.41
Attitude (ATT) 3.85 0.74 -0.47 0.18
Behavioural Intention (BI) 3.98 0.76 -0.61 0.44
Actual Use (AU) 3.37 0.88 —-0.19 —0.35

Respondents perceived both considerable opportunities (M = 3.92) and notable challenges (M = 3.64), while
institutional readiness received the lowest rating (M = 3.11), suggesting a gap between individual enthusiasm and
institutional preparation.

3.3. Exploratory factor analysis and common method bias

The Kaiser—Meyer—Olkin measure was .93 and Bartlett's test of sphericity was significant (y2(378) = 6,842.5, p <
.001). Six factors with eigenvalues above 1 emerged, jointly explaining 68.4% of variance, with all items loading
above .60 on their intended factor and cross-loadings below .30. Harman's single-factor test showed the first
unrotated factor explained 31.8% of variance (below the 50% threshold). In the CFA with an added common
latent factor, standardised loadings changed by less than .08, indicating that common method bias was unlikely to
be a serious concern.

3.4. Measurement Model

The six-factor CFA showed good fit: > = 512.4, df = 335, y¥/df = 1.53, CFI = .968, TLI = .963, RMSEA = .036

(90% CI [.030, .042]), SRMR =.041. All standardised loadings exceeded .70 and were significant at p < .001.
Table 3. Item loadings, reliability and convergent validity

Construct Item Std. loading

PO (a = .87, CR = .88, AVE = | PO1 Personalises learning g4
.59)

PO2 Improves efficiency and quality of academic .78

work

PO3 Supports research tasks .80

PO4 Reduces administrative workload .76

PO5 Widens access to learning support N
PC (o = .84, CR = .85, AVE = | PC1 Threatens academic integrity .70
.53)

PC2 Produces inaccurate or biased output 72

PC3 Risks privacy and data security 74

PC4 Encourages over-reliance, reducing critical 75

thinking

PC5 May widen inequality 72
IR (o = .90, CR = .90, AVE = | IR1 Clear institutional GenAl policy .76
.60)

IR2 Adequate digital infrastructure .78

IR3 Faculty and student training provided .79

IR4 Supportive leadership 77

IR5 Guidance on assessment redesign .80

IR6 Ethical governance mechanisms .75
ATT (o= .88, CR = .89, AVE | ATT1 Using GenAl is a good idea .80
=.67)

ATT2 GenAl is beneficial for education .84

ATT3 | have a favourable view of GenAl .82

ATT4 Using GenAl is enjoyable .81
BI (ao.= .91, CR = 91, AVE = | BI1 | intend to use GenAl next semester .84
72)

BI12 | plan to use it regularly .87

BI3 I will continue using it .86

Bl4 | would recommend it to others .83
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AU (a = .86, CR = .86, AVE = | AU1 Frequency of academic use .76
.61)
AU2 Weekly hours of use .79
AU3 Variety of tasks .80
AU4 Integrated into my routine .78

All Cronbach's a values exceeded .80, composite reliability exceeded .85, and AVE exceeded .50, establishing
convergent validity.
Table 4. Discriminant validity: Fornell-Larcker criterion

PO PC IR ATT Bl AU
PO 7
PC —.14 13
IR 41 -22 .78
ATT .58 -.37 44 .82
Bl .55 —-.31 49 .66 .85
AU .38 -.17 46 43 .52 .78

Each construct's VAVE exceeded its correlations with all other constructs. The highest HTMT ratio was .72 (ATT—
BI), well below the .85 threshold, confirming discriminant validity.

3.5. Structural Model

The structural model, which included direct paths from PO and PC to Bl to permit mediation testing, showed good
fit: 2 = 534.8, df = 340, y*/df = 1.57, CFI1 = .965, TLI = .961, RMSEA = .037, SRMR = .044.

Table 5. Structural path estimates and hypothesis testing

Hypothesis Path Std. B S.E. C.R. p Result
H1 PO — ATT .50 .06 8.41 <.001 | Supported
H2 PC — ATT -.23 .05 —4.12 <.001 | Supported
H4 ATT — BI 46 .06 7.35 <.001 | Supported
H3 IR — BI .25 .05 5.02 <.001 | Supported
- PO — BI (direct) 12 .06 2.11 .035 | Significant
— PC — BI (direct) —.04 .05 —0.83 407 Not significant
H5 Bl — AU .52 .05 9.86 <.001 | Supported

Variance explained: R2 (ATT) =.38; Rz (BI) = .50; Rz (AU) = .27.

3.6. Mediation Analysis
Table 6. Bootstrapped Indirect Effects

Path Direct Indirect | 95% CI Total B | Mediation type

PO - ATT — BI 12 (p =.035) .23 [.16, .31] .35 Partial

PC — ATT — BI —.04 (ns) -.11 [-.18, —.15 | Full (indirect)
—.05]

Both indirect effects had confidence intervals excluding zero, supporting H6a and H6b. Attitude partially mediated
the effect of opportunities and fully mediated the effect of challenges. In practical terms, perceived risks reduced
intention mainly by eroding favourable attitudes rather than through a direct deterrent effect.

3.7. Moderation Analysis

Mean-centred IR and Bl were entered along with their product term to predict AU. The interaction was significant
(B=.14,S.E.= .05, p =.004), and R? for AU rose from .27 to .31 (AR? = .04). Simple-slope analysis showed that
the BI — AU effect was = .38 (p <.001) at low readiness (—1 SD), = .52 at mean readiness and = .66 (p <
.001) at high readiness (+1 SD). H7 was supported: institutional readiness amplifies the conversion of intention
into use.

3.8. Group Comparisons

Table 7. Faculty vs. Students
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Construct Faculty M (SD) | Students M (SD) t p Cohen's d
PO 3.78 (0.74) 4.02 (0.68) 3.44 | <.001 0.34
IR 3.31(0.82) 2.98 (0.83) 401 | <.001 0.40

Students perceived greater opportunities, whereas faculty rated institutional readiness higher.

Table 8. One-way ANOVA: Institutional readiness by institution type

Institution type n M (SD)
Public 189 2.92 (0.81)
Private 168 3.33(0.84)
Deemed 63 3.10(0.82)

F(2,417) = 10.86, p < .001, n? = .05 (small-to-medium). Tukey post-hoc tests showed private > public (p <.001)
and private > deemed (p = .02); public and deemed did not differ significantly (p = .09).
Table 9. Multi-Group Invariance (faculty vs. students)

Model $2 df CFI RMSEA ACFI Decision
Configural 1,028.6 670 .962 .036 - Accepted
Metric (loadings equal) 1,049.1 692 .959 .035 —-.003 Accepted
Scalar (intercepts equal) 1,081.3 714 .954 .035 —-.005 Accepted

Because ACFI did not exceed, measurement invariance held and structural paths could be compared meaningfully.
Constraining all paths to equality did not significantly worsen fit except for IR — BI, which was stronger for
faculty (p = .36) than students (B =.19; Ay*(1) =5.9, p =.015).

3.9. Summary of hypothesis testing

Hypothesis Outcome

H1 PO — ATT (+) Supported

H2 PC — ATT (-) Supported

H3 IR — BI(+) Supported

H4 ATT — BI (+) Supported

H5 BI — AU (+) Supported

H6 Mediation by ATT Supported

H7 IR moderates Bl — AU Supported

H8 Faculty—student differences Partially supported

A PLS-SEM re-estimation, reproduced the direction and significance of all paths (SRMR =.047), and results were
unchanged after controlling for role, gender and institution type.

4. DISCUSSION

The results reveal that both perceived opportunities and challenges play a role in shaping attitudes towards the
adoption of Al. Notably, the positive impact of opportunities is more significant than the negative effect of
challenges (f = .50 compared to B = —.23). This imbalance suggests that the advantages associated with Al may
surpass the perceived drawbacks, aligning with established research on technology acceptance. However, issues
related to academic integrity, accuracy, and privacy continue to be major concerns. Furthermore, attitude acts as
a psychological connector between perceived challenges and behavioural intention, indicating that apprehensions
can diminish the intention to adopt Al by negatively impacting favourable assessments. Institutional readiness
was identified as a key organizational factor influencing intention beyond personal perceptions and reinforcing
the link between intention and actual usage. This finding aligns with the TOE framework's focus on organizational
context. while the average readiness score (M = 3.11) reveals a disparity between enthusiasm for Al and
institutional preparedness. Comparisons among stakeholders indicated that students recognized greater
opportunities, whereas faculty members noted higher levels of institutional readiness. This difference may reflect
varying degrees of exposure to technology and awareness of policies. The stronger impact of readiness on faculty
intentions underscores the necessity for formal guidance directed at educators tasked with assessment and
maintaining academic integrity. Additionally, private institutions reported elevated levels of readiness, possibly
due to differences in technological investment and governance flexibility. From a theoretical perspective, this
study enhances UTAUT2 and TOE frameworks by exploring opportunities and challenges as concurrent
antecedents of attitude while positioning institutional readiness as an influential factor for both behavioural
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intention and its conversion into actual use. The measurement invariance observed across student and faculty
groups further facilitates comparative analyses. On a practical level, institutions should develop clear, tiered
policies regarding Al usage; offer training focused on Al literacy; redesign assessments to prioritize authentic
learning experiences and independent reasoning; ensure fair access to secure tools that comply with privacy
standards; and enhance ethical governance through representative committees dedicated to Al oversight along
with regular policy evaluations. Support mechanisms should also be customized according to stakeholder
requirements, providing faculty with pedagogical guidance related to assessments while offering students
education on academic integrity, critical assessment skills, and responsible use of Al technologies.

5. LIMITATIONS AND FUTURE RESEARCH

The research is cross-sectional and depends on self-reported data, which restricts causal conclusions and could
lead to social desirability bias. The sampling method was purposive, which raises questions about the
generalizability to other areas or systems. Given the fast-paced evolution of GenAl, perceptions are likely to
change; thus, longitudinal studies would be beneficial in capturing these shifts. Future research could integrate
surveys with usage logs, assess learning outcomes, investigate differences across disciplines, utilize qualitative or
mixed methods to delve into dimensions of readiness, and explore additional moderators such as Al literacy, age,
and previous experience.

6. CONCLUSION

This research formulates and investigates a cohesive model that elucidates the adoption of GenAl in higher
education by integrating personal perceptions with institutional elements. The proposed model suggests that
individuals' perceived opportunities and challenges influence their attitudes toward GenAl and shape their
intentions to engage with it. Concurrently, institutional readiness plays a supportive role by enhancing adoption
intentions and aiding in the transformation of these intentions into practical application. The results indicate that
technology adoption is influenced not only by individuals’ assessments of its usefulness or apprehensions about
potential risks but also by the organizational context in which the technology is deployed. While both students
and faculty may acknowledge GenAl's ability to enhance learning, teaching, and research, various barriers
including unclear policies, insufficient infrastructure, lack of proper training, inadequate assessment guidance,
and weak ethical governance can hinder its successful integration. Accordingly, this study makes a significant
contribution to the field of technology adoption by framing institutional readiness as a crucial strategic factor
rather than simply a peripheral condition. For institutions of higher education, the findings highlight the
importance of transitioning from fragmented individual efforts to a unified strategy that incorporates clear Al
usage policies, ongoing development of Al literacy, equitable access to suitable tools, redesigning assessments,
and strong ethical oversight. This comprehensive approach can assist institutions in reconciling their enthusiasm
for GenAl with its responsible and effective long-term implementation in educational practices.
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