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Abstract

Generative artificial intelligence (GenAl) is rapidly transforming teaching, learning, re-
search, and institutional practices in higher education, increasing the need to understand
how university professionals engage with Al technologies in both functional and ethical
contexts. This study examined Al adoption among sampled Generation Y (Gen Y) and Gen-
eration Z (Gen Z) higher education professionals by investigating the relationships among
Al Competency Capability (AICC), Al Utilisation Behaviour (AIUB), Perceived Usability
(PU), Perceived Strategic Value (PSV), Al Ethical Awareness (AIEA), Al Self-Efficacy (AISE),
Responsible AI Utilisation Behaviour (RAIUB), Academic Engagement (AE), Perceived
Performance Outcomes (PPO), and Al Adoption Intention (AAI). Adaptive Structuration
Theory (AST) and Dual-Process Theory (DPT) were employed as complementary interpre-
tive perspectives rather than as theories directly tested by the structural model. Data were
collected from 870 higher education professionals employed at Saudi Arabian universities
and analysed using Partial Least Squares Structural Equation Modelling (PLS-SEM), Partial
Least Squares Multi-Group Analysis (PLS-MGA), and the Measurement Invariance of
Composite Models (MICOM) procedure. The PLS-MGA identified statistically significant
between-group differences only for the relationships between AICC and AIUB, which were
numerically larger among the sampled Gen Z participants, and between AIEA and Re-
sponsible AIUB, which were numerically larger among the sampled Gen Y participants.
All remaining differences represented sample-specific numerical variations rather than
statistically confirmed between-group differences. Given the cross-sectional design and
differences in age, career stage, institutional role, and professional experience, the findings
should be interpreted as sample-specific associations rather than fixed generational char-
acteristics. This study introduces the Gen-Al Dual Competency Alignment Framework
(GADCAF) as a provisional conceptual and interpretive framework, intended to guide
future research on Al competency, responsible Al utilisation, and organisational Al integra-
tion rather than as a validated theoretical model. The findings advance understanding of
the complementary functional and ethical dimensions of Al adoption in higher education.

Keywords: generative artificial intelligence (GenAl); Al Competency Capability; Al utilisation
behaviour; Al ethical awareness; responsible Al behaviour; higher education; Generation Y
(Gen Y); Generation Z (Gen Z); technology adoption; organisational adaptation; Al governance;
PLS-SEM,; sustainable development goals (SDGs)
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1. Introduction

Generative artificial intelligence (GenAl) is rapidly transforming teaching, learning,
research, and institutional decision-making across higher education. Universities increas-
ingly employ Al-enabled systems to support educational delivery, academic administration,
assessment, and organisational innovation, thereby creating new opportunities to improve
educational quality and operational efficiency (Dwivedi et al., 2023; Salem, 2026). As Al be-
comes embedded in routine academic practice, successful implementation depends not
only on technological availability but also on users’” competencies, behavioural readiness,
and ethical judgement.

Al competency extends beyond technical proficiency. It includes the ability to evaluate
Al-generated outputs, recognise algorithmic bias and hallucinations, understand system
limitations, and apply ethical judgement when using Al in professional contexts (Ng et al.,
2025; Tian et al., 2024; Chan & Lee, 2023). Consequently, effective Al adoption requires
both functional competence and responsible use. These complementary dimensions have
become increasingly important as higher education institutions seek to integrate Al in ways
that enhance educational performance while maintaining academic integrity, transparency,
and accountability (Grani¢, 2025; Sabag-Ben Porat, 2025).

Technology adoption research has traditionally been explained through models such
as the Technology Acceptance Model (TAM) (Davis, 1989) and the Unified Theory of Accep-
tance and Use of Technology (UTAUT) (Venkatesh et al., 2003). These models suggest that
perceived usefulness, perceived ease of use, social influence, and facilitating conditions
influence behavioural intentions and technology use. However, generative Al introduces
additional considerations that extend beyond conventional technology acceptance. Users
must evaluate Al-generated information, exercise critical judgement, manage ethical risks,
and develop confidence in using Al responsibly. These requirements suggest that Al compe-
tency, ethical awareness, and self-efficacy have become increasingly important determinants
of Al adoption in educational environments (Qi et al., 2025; Kumar, 2024).

Previous studies have also reported differences in technology-related behaviours
across generations. Generation Z is often characterised by greater familiarity with digital
technologies and numerically larger engagement with Al-enabled environments, whereas
Generation Y may place greater emphasis on governance, organisational responsibility, and
ethical considerations during technology adoption (Costanza et al., 2012; Dai et al., 2025;
Van Staveren & Miiller-Zimmermann, 2025). Nevertheless, these patterns should not be
interpreted as fixed generational characteristics because technology-related behaviour is
also influenced by institutional context, professional experience, organisational culture,
and access to training opportunities (Kabashkin, 2025; Fullan, 2020).

Despite the rapid growth of Al research in education, important gaps remain.
Existing studies have largely examined Al adoption, Al literacy, technology acceptance,
or ethical Al as separate research streams (Grani¢, 2025; Ng et al., 2025; Sabag-Ben Po-
rat, 2025). While these studies have advanced understanding of individual aspects of Al
adoption, comparatively few have integrated Al competency, Al utilisation behaviour,
ethical awareness, Responsible Al Utilisation Behaviour, self-efficacy, and generational
differences within a single analytical framework. Moreover, limited empirical evidence is
available regarding how these constructs jointly influence academic engagement, perceived
performance outcomes, and Al adoption intention among higher education professionals.

To address this gap, the present study develops an integrated conceptual model that
combines the functional, behavioural, and ethical dimensions of Al adoption. The proposed
structural hypotheses are derived primarily from established empirical literature on tech-
nology adoption, Al competency, self-efficacy, behavioural engagement, and responsible
Al use (Bandura, 1977; Davis, 1989; Venkatesh et al., 2003; Ng et al., 2025). Adaptive Struc-
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turation Theory (AST) (DeSanctis & Poole, 1994) and Dual-Process Theory (DPT) (Evans &
Stanovich, 2013) are incorporated as complementary interpretive perspectives rather than
as theories for generating or directly testing the hypothesised structural relationships.

Accordingly, neither theory is empirically validated or confirmed through the present
structural model. Instead, AST provides a broader organisational perspective on how
institutional structures, professional roles, and organisational adaptation may influence
Al appropriation. In contrast, DPT offers a cognitive perspective on how individuals
balance efficient Al utilisation with reflective ethical reasoning. Together, these theories
provide an interpretive context for the empirical findings rather than causal explanations
of the observed relationships.

Specifically, AST provides an organisational perspective by explaining how institu-
tional structures, professional roles, governance arrangements, and organisational practices
may shape the appropriation and integration of Al within higher education. In contrast,
DPT offers a cognitive perspective by explaining how individuals may balance efficient,
intuitive Al-supported decision-making with reflective ethical reasoning when evaluat-
ing and using Al technologies. Together, these theories provide conceptual lenses for
interpreting the empirical findings rather than mechanisms for predicting the structural
relationships tested in the model.

Against this background, the present study investigates the relationships among Al
Competency Capability (AICC), Al Utilisation Behaviour (AIUB), Perceived Usability (PU),
Perceived Strategic Value (PSV), Al Ethical Awareness (AIEA), Al Self-Efficacy (AISE),
Responsible AI Utilisation Behaviour (RAIUB), Academic Engagement (AE), Perceived
Performance Outcomes (PPO), and Al Adoption Intention (AAI). Data were collected from
870 higher education professionals employed at Saudi Arabian universities and analysed
using Partial Least Squares Structural Equation Modelling (PLS-SEM), Partial Least Squares
Multi-Group Analysis (PLS-MGA), and the Measurement Invariance of Composite Models
(MICOM) procedure.

Accordingly, this study addresses the following research questions:

RQ1: What differences are observed between Gen Y and Gen Z in AICC, AIUB, EAI A,
and AAI?

RQ2: How is AICC associated with AIUB and AAI across generational groups?

RQ3: How are PU and PSV associated with the intention to adopt Al among Gen Y
and Gen Z?

RQ4: How is AIUB associated with AE and PPO?

RQ5: How is AIEA associated with responsible AIUB?

RQ6: Are there significant structural differences between Gen Y and Gen Z in the pro-
posed model?

RQ7: How do organisational adaptation and cognitive decision-making perspectives help
explain the observed differences in AIC, EA, and AAI across generational groups?

By integrating behavioural, cognitive, ethical, and organisational perspectives within
a unified empirical framework, this study contributes to the growing literature on Al
adoption in higher education. It extends existing technology adoption research by jointly
examining Al competency, Al utilisation behaviour, ethical awareness, responsible Al
utilisation, and Al self-efficacy while statistically distinguishing between-group differences
from sample-specific behavioural patterns. Importantly, the study does not seek to empiri-
cally validate AST or DPT. Rather, these theories are employed to provide complementary
organisational and cognitive interpretations of the observed findings. The results therefore
contribute empirical evidence regarding Al adoption among higher education profession-
als while informing context-sensitive Al implementation, responsible Al governance, and
future theoretical development in Al-enabled higher education environments.
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2. Literature Review
2.1. Al Competency Capability and Al Adoption in Higher Education

Generative artificial intelligence (GenAl) has become an important component of
higher education, influencing teaching, research, academic administration, and institu-
tional decision-making. As universities increasingly integrate Al-supported systems into
educational practice, successful implementation depends not only on technological avail-
ability but also on users’ competencies, behavioural readiness, and ethical judgement
(Dwivedi et al., 2023; Salem, 2026; Venkatesh et al., 2003). Consequently, Al adoption has
evolved from a purely technological issue into a multidimensional organisational and
educational challenge.

Technology adoption has traditionally been explained using the Technology Accep-
tance Model (TAM) and the Unified Theory of Acceptance and Use of Technology (UTAUT),
which emphasise perceived usefulness, perceived ease of use, social influence, and facilitat-
ing conditions as primary determinants of behavioural intention (Davis, 1989; Venkatesh
et al., 2003). Although these theories remain highly relevant, the emergence of generative
Al introduces additional requirements that extend beyond conventional technology accep-
tance. Unlike earlier digital technologies, generative Al requires users to critically evaluate
Al-generated outputs, identify hallucinations and algorithmic bias, understand system
limitations, and exercise ethical judgement during professional use (Chan & Lee, 2023; Ng
et al., 2025; Tian et al., 2024).

Accordingly, recent Al adoption research increasingly recognises AI Competency
Capability (AICC) as a multidimensional construct combining technical knowledge, critical
evaluation skills, ethical reasoning, and responsible decision-making. Studies consistently
report that individuals with higher Al competency suggest greater confidence in using Al
systems, numerically larger behavioural engagement, and higher intentions to integrate Al
into their professional activities (Ng et al., 2025; Qi et al., 2025; Tian et al., 2024). Similarly,
Al self-efficacy has emerged as an important behavioural mechanism by which competence
translates into actual Al utilisation, suggesting that competence alone may be insufficient
unless accompanied by confidence in applying Al effectively (Bandura, 1977; Qi et al., 2025).

Perceptions of Al systems also influence adoption decisions. Drawing upon TAM
and UTAUT, Perceived Usability (PU) and Perceived Strategic Value (PSV) represent
complementary evaluations of Al technologies. PU reflects the extent to which Al systems
are considered easy to learn and operate, whereas PSV reflects beliefs regarding their
ability to improve professional performance, institutional effectiveness, and educational
innovation (Davis, 1989; Falebita et al., 2025; Nayak et al., 2026). Previous empirical studies
consistently suggest positive associations between these perceptions and AAI, although
the relative importance of each factor varies across organisational contexts (Qu et al., 2024;
Yordudom et al., 2026).

Importantly, Al adoption also extends beyond operational efficiency. Universities
increasingly emphasise responsible Al governance, transparency, accountability, and ethical
decision-making as integral components of sustainable Al implementation (Grani¢, 2025;
Kumar, 2024; Sabag-Ben Porat, 2025). Consequently, Al ethical awareness and responsible
Al utilisation behaviour should not be viewed as peripheral considerations but rather as
essential components of Al adoption within higher education. Collectively, this body of
literature supports the proposition that Al competency, self-efficacy, PU, PSV, and ethical
awareness jointly contribute to AIUB and AAL

2.2. Generational Differences in Al Adoption

Generational differences represent another important dimension of Al adoption re-
search. Previous investigations have frequently compared Generation Y (Gen Y) and Gener-
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ation Z (Gen Z) with respect to digital literacy, technology acceptance, and online behaviour
(Costanza et al., 2012; Kabashkin, 2025). These studies generally suggest that individuals
in Gen Z report greater familiarity with digital technologies and numerically larger en-
gagement with emerging digital environments, whereas Gen Y often suggests a greater
emphasis on organisational governance, professional responsibility, and ethical use of
technology (Dai et al., 2025; Van Staveren & Miiller-Zimmermann, 2025).

However, the existing evidence should be interpreted cautiously. Much of the genera-
tional literature focuses on general digital technologies rather than generative Al specifically,
and many reported differences may reflect organisational context, professional experience,
institutional culture, and access to Al training rather than immutable generational char-
acteristics (Costanza et al., 2012; Kabashkin, 2025). Consequently, observed differences
should be regarded as context-dependent behavioural patterns rather than fixed attributes
of age cohorts.

More importantly, prior research has typically examined Al adoption, Al literacy,
ethical Al, or technology acceptance as separate research streams. Studies investigating
Al competency frequently focus on knowledge and technical capability (Ng et al., 2025;
Tian et al., 2024), whereas research on responsible Al primarily examines ethical awareness
and governance (Chan & Lee, 2023; Sabag-Ben Porat, 2025). Other studies concentrate
on perceived usefulness, usability, or behavioural intention using traditional technology
acceptance frameworks (Davis, 1989; Venkatesh et al., 2003). While these studies have
substantially advanced understanding of Al adoption, comparatively few have integrated
Al competency, ethical awareness, Responsible Al Utilisation Behaviour, self-efficacy, edu-
cational engagement, and generational differences within a single analytical framework.

This limitation is particularly important because generative Al simultaneously re-
quires technical competence, behavioural engagement, and ethical judgement. Treating
these dimensions independently may overlook important interactions among compe-
tency development, Al utilisation behaviour, ethical awareness, and organisational adap-
tation. Likewise, relatively few empirical studies have investigated whether the struc-
tural relationships among these constructs differ across generational groups within higher
education professionals.

Accordingly, the present study develops an integrated empirical model in which
the structural hypotheses are derived primarily from established literature on technol-
ogy adoption, Al competency, self-efficacy, behavioural engagement, responsible Al, and
generational technology adoption (Bandura, 1977; Davis, 1989; Venkatesh et al., 2003).
Adaptive Structuration Theory (AST) (DeSanctis & Poole, 1994) and Dual-Process Theory
(DPT) (Evans & Stanovich, 2013) are incorporated after the empirical model to provide
complementary interpretive perspectives rather than direct causal explanations for the
hypothesised structural relationships.

Specifically, AST contributes an organisational perspective by explaining how institu-
tional structures, professional roles, governance arrangements, and organisational practices
may influence the appropriation and integration of Al within higher education. DPT con-
tributes a cognitive perspective by explaining how professionals may balance efficient
Al-supported decision-making with reflective ethical reasoning when engaging with Al
technologies. Neither theory is directly tested within the structural model; instead, both
provide conceptual lenses for interpreting the observed empirical findings following the
PLS-SEM and PLS-MGA analyses.

Accordingly, this study investigates whether the relationships among AI Competency
Capability (AICC), Al Utilisation Behaviour (AIUB), Perceived Usability (PU), Perceived
Strategic Value (PSV), Al Ethical Awareness (AIEA), Al Self-Efficacy (AISE), Responsible
Al Utilisation Behaviour (RAIUB), Academic Engagement (AE), Perceived Performance
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Outcomes (PPO), and Al Adoption Intention (AAI) differ between sampled Gen Y and Gen
Z higher education professionals. By integrating previously fragmented research streams
into a unified empirical framework while distinguishing empirical hypothesis testing from
theoretical interpretation, the study advances understanding of responsible Al adoption
and organisational Al integration in higher education. (See Table 1).

Table 1. Conceptual Alignment Between Research Questions, Hypotheses, and Theoretical Foundations.

. Interpretive
Research Dimension Resea.rch Related Measured Primary Expl.anatory Theoretical
Questions  Hypotheses Constructs Foundation P .
erspective
Al Competency and
Al Competency and Al AICC, AIUB, .
Utilisation RQ1, RQ2 H1, H2 AAL Technollogy Adoption AST and DPT
Literature
. Technology Acceptance
Al Evaluation and Al RQ3 H3, H4 PSV, PU, AAI and Behavioural AST and DPT
Adoption . .
Adoption Literature
Educational Educational Technology
Engagement and RQ4 H5,H6,H9 AIUB, AE, PPO and Behavioural AST
Performance Outcomes Engagement Literature
. Ethical Al and
Ethical Al Awareness RQ5 H7 AIEA, RAIUB  Responsible Technology DPT
and Responsible AI Use .
Use Literature
. Self-Efficacy and
Al Self-Efficacy and AICC, AISE, . .
Behavioural Translation RQ2 HS8 ATUB Behav1qural Adoption AST and DPT
Literature
Generational Gen Y vs. Gen Generational Technology
Differences in Al RQ6 H10-H12 Z Structural Adoption and Digital AST and DPT
Relationships Paths Behaviour Literature
Ig’f %anﬁa:12?ﬂ alngl Interpretive Not Direct] Organisational
Alimroone (?: e el RQ7 Integrationof e Y Adaptation and Al AST and DPT
1ehme onceptu H1-H12 Governance Literature

Implication)

Note: The hypothesised structural relationships (H1-H12) were primarily derived from the literature on Al
competency, technology adoption, behavioural engagement, self-efficacy, ethical Al, and generational technology
adoption. The empirical model directly measures AI Competency Capability (AICC), AI Utilisation Behaviour
(AIUB), Perceived Usability (PU), Perceived Strategic Value (PSV), Al Ethical Awareness (AIEA), Al Self-Efficacy
(AISE), Academic Engagement (AE), Perceived Performance Outcomes (PPO), Responsible Al Utilisation Be-
haviour (RAIUB), and Al Adoption Intention (AAI). Adaptive Structuration Theory (AST) and Dual-Process
Theory (DPT) serve primarily as interpretive frameworks that support the organisational and cognitive interpre-
tation of the findings rather than as direct causal theories underlying individual structural paths. Educational
leadership and Al governance are not operationalised as latent constructs within the empirical model; instead,
they provide the broader organisational context through which the findings are interpreted. Similarly, the Gen-AI
Dual Competency Alignment Framework (GADCAF) is presented as a conceptual implication arising from the
observed findings rather than as an empirically validated framework.

Accordingly, this study investigates whether the relationships among AICC, AIUB,
PU, PSV, AIEA, AISE, RAIUB, AE, PPO, and AIAI differ between Gen Y and Gen Z
professionals. By integrating these previously fragmented research streams into a unified
empirical framework, the study seeks to advance current understanding of responsible
and sustainable Al adoption in higher education while providing a more comprehensive
explanation of intergenerational differences in Al-related behaviour.
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3. Methods and Materials
3.1. Population and Research Sample

This study employed a quantitative cross-sectional survey design to examine the
relationships among Al Competency Capability (AICC), Al Utilisation Behaviour (AIUB),
Perceived Usability (PU), Perceived Strategic Value (PSV), Al Ethical Awareness (AIEA),
Al Self-Efficacy (AISE), Responsible Al Utilisation Behaviour (RAIUB), Academic Engage-
ment (AE), Perceived Performance Outcomes (PPO), and Al Adoption Intention (AAI)
among higher education professionals. In addition, the study investigated whether the
structural relationships differed between sampled participants classified as Generation Y
(Gen'Y) and Generation Z (Gen Z). Because the study employed a cross-sectional design,
the findings represent statistical associations and should not be interpreted as evidence of
causal relationships.

Participants were recruited from public and private universities across the Kingdom
of Saudi Arabia, where generative artificial intelligence (GenAlI) has become increasingly
integrated into teaching, learning, research, academic administration, and institutional
decision-making. Saudi universities, therefore, provide an appropriate context for inves-
tigating Al adoption because Al-supported educational environments have become an
integral component of higher education, increasing the importance of Al competency,
ethical awareness, and responsible Al utilisation among university personnel (Dwivedi
et al., 2023; Salem, 2026).

The target population comprised higher education professionals from Generation
Y (born 1981-1996) and Generation Z (born 1997-2012) who were actively employed at
Saudi Arabian higher education institutions during the data collection period. To ensure
consistency with the study context, only adults who satisfied institutional employment
requirements were eligible to participate. Consequently, although Generation Z is conven-
tionally defined as individuals born between 1997 and 2012, the observed Gen Z sample
consisted exclusively of employed professionals born between 1997 and 2002. No partici-
pant younger than the legal or institutional employment age was included.

Following data screening and quality checks, the final sample comprised 870 valid
responses, including 437 Gen Y participants (50.2%) and 433 Gen Z participants (49.8%).
The overall observed age range was 24—45 years. Participants classified as Gen Y ranged
from 30 to 45 years (mean age = 37.5 years), whereas the sampled Gen Z participants
ranged from 24 to 29 years (mean age = 26.5 years). These observed age distributions reflect
the employment profile of higher education professionals during the study period rather
than the complete birth-year ranges commonly associated with each generation. The age
characteristics of both groups are summarised in Table 2.

Table 2. Age and Generational Characteristics of the Sample.

Characteristic Gen Y (n =437) Gen Z (n =433) Total (N = 870)
Birth-year range 1981-1996 1997-2002 1981-2002
Age range (years) 30-45 24-29 24-45
Mean age (years) 37.5 26.5 32.0
Percentage of sample 50.2% 49.8% 100.0%

Note. Generation classifications followed commonly adopted birth-year definitions (Gen Y: 1981-1996; Gen Z:
1997-2012). However, only adults actively employed in higher education institutions were eligible to participate.
Consequently, the observed Gen Z sample consisted of professionals born between 1997 and 2002.

The participants represented a broad range of academic, leadership, and admin-
istrative positions, including academic staff, programme directors, department chairs,
acting department heads, academic coordinators, vice-deans, deans, institutional direc-
tors, educational technology specialists, administrative managers, and other university
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employees involved in academic or institutional processes. To improve transparency and
more accurately reflect organisational responsibilities, participants were classified into
three institutional role categories: formal leadership roles, academic leadership positions,
and administrative positions (Table 3).

Table 3. Distribution of Participants According to Institutional Role Classification.

Institutional Role Classification GenY GenZ Total %
Formal leadership roles 98 74 172 19.8
Academic leadership positions 171 158 329 37.8
Administrative positions 168 201 369 424
Total 437 433 870 100

Note. Formal leadership roles comprised both permanent and acting appointments. Among the sampled Gen Z
participants, these positions primarily included programme directors, acting department heads, assistant leader-
ship roles, and other early-career leadership responsibilities rather than senior executive university management
positions. Academic leadership positions included programme-level leadership, departmental coordination,
curriculum leadership, and related academic responsibilities, whereas administrative positions comprised profes-
sional and managerial staff responsible for institutional operations and support services.

To provide additional context for interpreting the subsequent multi-group analyses,
demographic differences between the two predefined generational groups were examined
prior to estimating the structural model. As expected from the operational definition of
the generational categories, an independent-samples t-test confirmed a significant age
difference between the sampled Gen Y and Gen Z participants (p < 0.001). Pearson’s
chi-square tests further indicated a significant difference in institutional role distribution
(p < 0.001), with sampled Gen Y participants more frequently occupying formal leadership
positions and sampled Gen Z participants more frequently occupying administrative
positions. By contrast, no statistically significant differences were observed in gender or
nationality distributions (p > 0.05). The results of these demographic comparisons are
summarised in Table 4.

Table 4. Demographic Comparisons Between the Sampled Gen Y and Gen Z Participants.

Variable Statistical Test Result Interpretation
Ace Independent- <0.001 Significant difference, reflecting the predefined
& samples t-test p= generational classification based on birth year.
There is a significant difference in the distribution of
Institutional role Pearson’s x test p <0.001 institutional roles between the sampled Gen Y and
Gen Z participants.
No statistically significant difference in gender
) y sig &
Gender Pearson’s x” test p>0.05 distribution between the two groups.
Nationality Pearson’s 2 test p>005 No statistically significant difference in nationality

distribution between the two groups.

Because chronological age forms part of the operational definition of the generational
categories, it was not treated as an independent control variable in the structural model.
Likewise, the principal objective of the study was to compare the predefined generational
groups using Partial Least Squares Multi-Group Analysis (PLS-MGA) rather than to es-
timate the independent effects of demographic variables. Accordingly, age, career stage,
institutional role, and professional experience were considered contextual characteristics
when interpreting the findings. The observed between-group differences should therefore
be interpreted as sample-specific associations that may reflect the combined influence of
these overlapping demographic and organisational characteristics rather than generational
membership alone.
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A non-probability voluntary-response sampling strategy was adopted because institu-
tional policies restricted direct access to university personnel databases, making probability
sampling impractical. Accordingly, the questionnaire was distributed through official
university communication channels, including institutional email lists, faculty develop-
ment units, academic departments, and administrative offices. Participation was voluntary,
anonymous, and based on informed consent. This approach enabled broad institutional repre-
sentation while complying with organisational access restrictions and ethical requirements.

Data were collected over six months (April-October 2025). Each participant completed
the questionnaire once, producing a cross-sectional dataset. After excluding incomplete
questionnaires and responses containing substantial missing or inconsistent data, 870 valid
questionnaires were retained for analysis. Because Saudi universities employ professionals
from diverse national backgrounds, the final sample included respondents from Saudi Ara-
bia, Egypt, Jordan, Yemen, Syria, India, the Philippines, Pakistan, and Bangladesh, thereby
enhancing the study’s contextual diversity. The demographic distribution by nationality
and gender is presented in Table 5.

Table 5. Sample Demographic Characteristics by Nationality and Gender.

Demographic KSA EGY JOR YEM SYR IND PHL PAK BGD Sum
Gen Y-Female 33 31 29 25 27 30 22 21 19 237
Gen Y-Male 29 30 24 20 17 27 18 23 12 200
Gen Z-Female 41 33 29 26 27 20 22 18 10 226
Gen Z-Male 38 29 27 26 23 18 21 17 8 207
Total 141 123 109 97 94 95 83 79 49 870
Percentage (%) 16 14 13 11 11 11 10 9 6 100

Note. KSA = Saudi Arabia; EGY = Egypt; JOR = Jordan; YEM = Yemen; SYR = Syria; IND = India; PHL = Philip-
pines; PAK = Pakistan; BGD = Bangladesh. The sample reflects the multinational composition of academic and
professional staff employed in Saudi Arabian universities.

The final sample substantially exceeded current recommendations for Partial Least
Squares Structural Equation Modelling (PLS-SEM). Sarstedt et al. (2022) emphasised that an
adequate sample size is essential for obtaining stable parameter estimates and conducting
reliable multi-group comparisons. In contrast, Kock and Hadaya (2018) recommended
relatively large samples for prediction-oriented analyses, measurement invariance assess-
ment, and multi-group modelling. Accordingly, the final sample of 870 participants was
considered adequate for estimating the proposed structural model, assessing measurement
quality, conducting MICOM measurement invariance testing, and performing Partial Least
Squares Multi-Group Analysis (PLS-MGA). Nevertheless, because the sampled Gen Y and
Gen Z participants differed significantly in chronological age and in the distribution of
institutional roles, the cross-sectional design cannot disentangle the effects of generational
membership from those associated with age, career stage, institutional role, professional ex-
perience, or prior Al exposure. Consequently, the observed between-group patterns should
be interpreted as sample-specific associations rather than effects attributable exclusively to
generational membership.

3.2. Data Collection and Measurement Instrument

Data were collected using a structured online questionnaire specifically designed to
examine Al-related competencies, behaviours, ethical awareness, educational engagement,
and Al adoption among higher education professionals. Participation was voluntary and
anonymous, and all respondents provided informed consent before completing the survey.
The instrument was administered once to each participant during the data collection period,
consistent with the cross-sectional research design.

https://doi.org/10.3390/educscil6071173
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The questionnaire consisted of three sections—the first section collected demographic
information, including generational group, gender, nationality, and institutional role.
The second section presented the informed consent statement and information regarding
voluntary participation, confidentiality, and ethical approval. The third section contained
the measurement items representing the study’s latent constructs. All items were measured
using a five-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree).

The measurement instrument comprised ten reflective constructs, each adapted from
previously validated scales reported in the literature. AI Competency Capability (AICC)
was adapted from Ng et al. (2025) and Salem (2026). Al Utilisation Behaviour (AIUB) was
adapted from Alnajdi et al. (2025) and Granic¢ (2025). Perceived Usability (PU) was derived
from Nayak et al. (2026) and Salem (2026), whereas Perceived Strategic Value (PSV) was
adapted from Falebita et al. (2025) and Yordudom et al. (2026). AI Ethical Awareness (AIEA)
was measured using items adapted from Chan and Lee (2023), Polydoros et al. (2026),
and Salem (2026). Academic Engagement (AE) and Perceived Performance Outcomes (PPO)
were adapted from Elshaer et al. (2025) and Qu et al. (2024). Al Self-Efficacy (AISE) was
measured using items adapted from Ng et al. (2025) and Salem (2026). Responsible Al
Utilisation Behaviour (RAIUB) was adapted from Elshaer et al. (2025) and Qu et al. (2024),
while AI Adoption Intention (AAI) was adapted from Nayak et al. (2026) and Salem (2026).
(See Appendix A).

To preserve content validity, all measurement items were adapted from previously val-
idated instruments, with only minor wording modifications introduced to align the scales
with generative Al applications in higher education. These modifications were limited to
contextual terminology and did not alter the conceptual meaning of the original constructs.
Consequently, the instrument maintained conceptual consistency with previous studies
while improving its relevance to contemporary Al-supported educational environments.

Prior to large-scale administration, the questionnaire underwent expert review by spe-
cialists in educational technology, artificial intelligence, higher education, and quantitative
research methods. The reviewers evaluated item clarity, conceptual relevance, linguistic
accuracy, and content validity. Subsequently, a pilot study involving a small group of higher
education professionals was conducted to assess readability, questionnaire completion
time, and response clarity. A forward-backward translation procedure was employed to
ensure semantic equivalence between the Arabic and English versions. Feedback from
the expert review and pilot study resulted only in minor linguistic refinements, while the
measurement structure remained unchanged.

The study employed Partial Least Squares Structural Equation Modelling (PLS-SEM)
because the primary objective was to predict and explain complex relationships among mul-
tiple latent constructs rather than to confirm an established covariance structure. PLS-SEM
is particularly appropriate for research involving prediction-oriented models, mediation
analysis, and multi-group comparisons, while imposing fewer distributional assumptions
than covariance-based SEM (Sarstedt et al., 2022). Furthermore, the study incorporated the
Measurement Invariance of Composite Models (MICOM) procedure, followed by Partial
Least Squares Multi-Group Analysis (PLS-MGA). These analytical procedures are well
established within the PLS-SEM framework.

All analyses were conducted using SmartPLS 4 (SmartPLS GmbH, Oststeinbek, Ger-
many). The path-weighting scheme was employed, and statistical significance was eval-
uated using a non-parametric bootstrapping procedure with 5000 bootstrap subsamples,
bias-corrected and accelerated (BCa) confidence intervals, two-tailed significance testing,
and a significance level of p < 0.05. The algorithm used the default convergence criterion of
107 with a maximum of 300 iterations, following current methodological recommendations
(Sarstedt et al., 2022).
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Before model estimation, the dataset underwent systematic screening. Responses con-
taining substantial missing data, duplicate submissions, straight-lining response patterns,
implausibly short completion times, or logically inconsistent response patterns were re-
moved prior to analysis. The remaining questionnaires contained only negligible item-level
missing values, which did not require statistical imputation. Consequently, 870 complete
and valid questionnaires were retained for the final analyses.

All constructs were specified as reflective latent variables. The measurement model
was evaluated using indicator loadings, Cronbach’s alpha, Composite Reliability (CR),
Average Variance Extracted (AVE), cross-loadings, the Fornell-Larcker criterion, and the
Heterotrait-Monotrait ratio (HTMT), following current recommendations for evaluating
reflective measurement models in PLS-SEM (Sarstedt et al., 2022). Measurement invariance
between Gen Y and Gen Z was subsequently assessed using the MICOM procedure prior
to conducting PLS Multi-Group Analysis.

Because the study relied on self-reported cross-sectional survey data, potential com-
mon method bias (CMB) was addressed using both procedural and statistical approaches.
Procedurally, anonymity and confidentiality were assured, participation was voluntary, and
measurement items were adapted from multiple validated sources to minimise evaluation
apprehension and response consistency bias (Podsakoff et al., 2003). Statistically, Harman's
single-factor test suggested that the first unrotated factor explained less than 50% of the total
variance. In addition, the procedural and statistical assessments did not suggest substantial
evidence of common method bias. Nevertheless, as with all self-reported cross-sectional
survey research, the possibility that some degree of common method variance remains
cannot be entirely ruled out (Kock, 2015).

4. Results

As described in the Methods section, potential common method bias was evaluated
using Harman'’s single-factor test together with the full-collinearity variance inflation factor
(VIF) approach. The procedural and statistical diagnostics did not suggest substantial
common method bias. However, these diagnostic procedures cannot rule out residual
common method variance, and the findings should therefore be interpreted in conjunction
with the study’s cross-sectional, self-reported design (Kock, 2015; Podsakoff et al., 2003).

The measurement model was evaluated separately for the sampled Generation Y
(Gen Y) and Generation Z (Gen Z) participants using the standard PLS-SEM criteria of
indicator loadings, Average Variance Extracted (AVE), Composite Reliability (CR), and
Cronbach’s alpha (o), following the recommendations of Henseler et al. (2016) and Sarstedt
et al. (2022). Table 6 presents the complete measurement model results for both groups.

Table 6. Measurement Model Quality (Gen Y vs. Gen Z).

Loading AVE CR o
Construct
GenY GenZ GenY GenZ GenY GenZ GenY GenZ

Al Competency Capability (AICC) 0.61 0.68 0.86 0.90 0.80 0.86
AICC1 0.78 0.85

AICC2 0.81 0.87

AICC3 0.75 0.82

Al Utilisation Behaviour (AIUB) 0.59 0.72 0.84 0.91 0.78 0.88
AIUB1 0.76 0.88

AIUB2 0.79 0.86

AIUB3 0.74 0.83
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Table 6. Cont.

Construct

Loading AVE CR o
GenY GenZ GenY GenZ GenY GenZ GenY GenZ

Perceived Usability (PU)

0.60 0.74 0.88 0.92 0.83 0.90

PU1 0.77 0.89

PU2 0.80 0.91

PU3 0.75 0.88

PU4 0.73 0.85

Perceived Strategic Value (PSV) 0.65 0.76 0.87 0.93 0.82 0.91
PSV1 0.82 0.90

PSV2 0.79 0.88

PSV3 0.81 0.89

Al ethical awareness (AIEA) 0.58 0.70 0.85 0.91 0.79 0.88
AIEA1 0.74 0.86

AIEA2 0.77 0.88

AIEA3 0.73 0.85

AIEA4 0.76 0.87

Academic Engagement (AE) 0.62 0.71 0.86 091 0.81 0.88
AE1 0.78 0.87

AE2 0.80 0.89

AE3 0.76 0.85

Al Self-Efficacy (AISE) 0.63 0.73 0.87 0.92 0.82 0.89
AISE1 0.79 0.88

AISE2 0.82 0.90

AISE3 0.77 0.87

Perceived Performance Outcomes 0.60 0.70 0.85 091 0.80 0.87
(PPO)

PPO1 0.75 0.86

PPO2 0.78 0.88

PPO3 0.76 0.85

Responsible Al behaviour (RAIUB) 0.61 0.69 0.86 0.90 0.81 0.87
RAIUB1 0.77 0.85

RAIUB2 0.80 0.87

RAIUB3 0.78 0.84

Al Adoption Intention (AAI) 0.66 0.78 0.88 0.94 0.83 0.92
AAIl 0.81 0.90

AAI2 0.79 0.88

AAI3 0.82 0.91

The measurement model suggested satisfactory psychometric properties across both
groups. All indicator loadings exceeded the recommended threshold of 0.70, indicating
adequate indicator reliability. Likewise, the AVE values for every construct were above the
recommended minimum value of 0.50, confirming satisfactory convergent validity. Internal
consistency reliability was also supported, as both Composite Reliability and Cronbach’s
alpha exceeded the commonly accepted threshold of 0.70 for all constructs (Henseler et al.,
2016; Sarstedt et al., 2022).

Overall, these findings confirm that the measurement model suggests satisfactory
reliability and convergent validity for both Gen Y and Gen Z participants, provid-
ing a robust foundation for the subsequent assessment of discriminant validity and
structural relationships.

Although higher numerical values for indicator loadings, AVE, Composite Reliability,
and Cronbach’s alpha were observed for several constructs in the Gen Z sample, these
differences are presented for descriptive purposes only. They should not be interpreted
as evidence that one group’s measurement model is inherently numerically larger than
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the other’s. As suggested later through the Measurement Invariance of Composite Models
(MICOM) procedure, only partial measurement invariance was established. Consequently,
direct comparisons of measurement quality indices between the two groups are not sta-
tistically warranted. Instead, these indices are reported separately to suggest that each
measurement model meets accepted psychometric standards before cross-group compar-
isons of the structural model are conducted.

The satisfactory measurement properties observed in both groups suggest that the
latent constructs were measured consistently and reliably within each sample. Establishing
adequate reliability and convergent validity at this stage is essential because it ensures that
any subsequent differences identified through the multi-group structural analysis are more
likely to reflect differences in the relationships among constructs rather than deficiencies in
the measurement instrument itself (Henseler et al., 2016; Sarstedt et al., 2022).

To further evaluate construct distinctiveness, discriminant validity was subsequently
examined using three complementary procedures. First, complete item-by-construct cross-
loading matrices were inspected to verify that each indicator loaded more strongly on
its intended construct than on competing constructs. Second, discriminant validity was
evaluated using the Fornell-Larcker criterion. Finally, the Heterotrait-Monotrait ratio
(HTMT) was examined to provide a more stringent assessment of construct separation
(Henseler et al., 2016). The results of these complementary analyses are presented in the
following section.

To further evaluate the distinctiveness of the latent constructs, discriminant validity
was assessed using three complementary procedures: item-by-construct cross-loadings, the
Fornell-Larcker criterion, and the Heterotrait-Monotrait ratio (HTMT), following current
recommendations for PLS-SEM measurement assessment (Henseler et al., 2016; Sarstedt
et al., 2022). Employing multiple complementary criteria provides a more comprehensive
evaluation of construct distinctiveness than relying on a single diagnostic.

The complete cross-loading matrices presented in Table 7 suggest satisfactory item-
level discriminant validity for both the Gen Y and Gen Z samples. Across all constructs,
every indicator loaded more strongly on its assigned construct than on any competing
construct, indicating that the measurement items consistently represented their intended
latent variables. No indicator exhibited a problematic cross-loading pattern, suggesting
construct redundancy or indicator misclassification.

Table 7. Full Item-by-Construct Cross-Loading Matrix for Gen Y and Gen Z.

Generation Y

Item AICC  AIUB PU PSV AIEA AE AISE PPO RAIUB AAI
AICC1 0.78 0.52 0.49 0.51 0.44 0.46 0.55 0.41 0.43 0.50
AlCC2 0.81 0.55 0.50 0.53 0.46 0.48 0.57 0.43 0.45 0.52
AICC3 0.75 0.49 0.46 0.48 0.42 0.44 0.53 0.39 0.41 0.47
AIUB1 0.50 0.76 0.48 0.52 0.43 0.58 0.49 0.44 0.42 0.51
AIUB2 0.53 0.79 0.50 0.54 0.45 0.60 0.51 0.46 0.44 0.53
AIUB3 0.48 0.74 0.47 0.50 0.41 0.56 0.47 0.42 0.40 0.49

PU1 0.46 0.48 0.77 0.60 0.39 0.42 0.45 0.40 0.38 0.55

pPU2 0.49 0.50 0.80 0.63 0.41 0.44 047 0.42 0.40 0.58

PU3 0.45 0.47 0.75 0.59 0.38 0.41 0.44 0.39 0.37 0.53

pPU4 0.44 0.46 0.73 0.57 0.37 0.40 0.43 0.38 0.36 0.51

PSV1 0.51 0.56 0.61 0.82 0.46 0.48 0.50 0.44 0.42 0.62

PSv2 0.49 0.54 0.59 0.79 0.44 0.46 0.48 0.42 0.40 0.60

PSV3 0.50 0.55 0.60 0.81 0.45 0.47 0.49 0.43 0.41 0.61
AIEA1 0.42 0.40 0.38 0.41 0.74 0.39 0.40 0.37 0.52 0.43
AIEA2 0.44 0.42 0.40 0.43 0.77 0.41 0.42 0.39 0.55 0.45
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Table 7. Cont.

Generation Y

Item AICC AIUB PU PSV AIEA AE AISE PPO RAIUB AAI
AIEA3 0.41 0.39 0.37 0.40 0.73 0.38 0.39 0.36 0.50 0.42
AIEA4 0.43 0.41 0.39 0.42 0.76 0.40 0.41 0.38 0.53 0.44

AFE1 0.46 0.57 0.42 0.45 0.39 0.78 0.47 0.50 041 0.48

AE2 0.48 0.60 0.44 0.47 0.41 0.80 0.49 0.53 043 0.50

AE3 0.45 0.56 0.41 0.44 0.38 0.76 0.46 0.49 0.40 0.47
AISE1 0.55 0.49 0.44 0.47 0.40 0.45 0.79 0.42 0.39 0.46
AISE2 0.57 0.51 0.46 0.49 0.42 0.47 0.82 0.44 0.41 0.48
AISE3 0.53 0.47 0.43 0.46 0.39 0.44 0.77 0.41 0.38 0.45

PPO1 0.40 0.43 0.39 0.41 0.35 0.49 0.40 0.75 0.37 0.42
PPO2 0.42 0.45 0.41 0.43 0.37 0.52 0.42 0.78 0.39 0.44
PPO3 0.41 0.44 0.40 0.42 0.36 0.50 0.41 0.76 0.38 043
RAIUB1 0.41 0.39 0.37 0.40 0.51 0.38 0.39 0.36 0.77 0.41
RAIUB2 0.43 0.41 0.39 0.42 0.54 0.40 0.41 0.38 0.80 0.43
RAIUB3 0.42 0.40 0.38 0.41 0.52 0.39 0.40 0.37 0.78 0.42

AAIl 0.50 0.52 0.56 0.63 0.43 0.45 0.47 0.41 0.40 0.81

AAI2 0.48 0.50 0.54 0.61 0.41 0.43 0.45 0.39 0.38 0.79

AAI3 0.51 0.53 0.57 0.64 0.44 0.46 0.48 0.42 0.41 0.82

Generation Z

Item AICC AIUB PU PSV AIEA AE AISE PPO RAIUB AAI
AICC1 0.85 0.67 0.63 0.66 0.56 0.58 0.70 0.53 0.55 0.68
AICC2 0.87 0.69 0.65 0.68 0.58 0.60 0.72 0.55 0.57 0.70
AICC3 0.82 0.64 0.61 0.64 0.54 0.56 0.68 0.51 0.53 0.65
AIUB1 0.66 0.88 0.68 0.70 0.58 0.74 0.64 0.59 0.56 0.71
AIUB2 0.68 0.86 0.70 0.72 0.60 0.76 0.66 0.61 0.58 0.73
AIUB3 0.64 0.83 0.66 0.68 0.56 0.72 0.62 0.57 0.54 0.69

PU1 0.62 0.67 0.89 0.73 0.55 0.57 0.61 0.52 0.50 0.74

PU2 0.65 0.70 0.91 0.76 0.58 0.60 0.64 0.55 0.53 0.77

PU3 0.63 0.68 0.88 0.74 0.56 0.58 0.62 0.53 0.51 0.75

PU4 0.60 0.65 0.85 0.71 0.53 0.55 0.59 0.50 0.48 0.72

PSV1 0.68 0.71 0.74 0.90 0.59 0.62 0.65 0.57 0.54 0.78

PSV2 0.66 0.69 0.72 0.88 0.57 0.60 0.63 0.55 0.52 0.76

PSV3 0.67 0.70 0.73 0.89 0.58 0.61 0.64 0.56 0.53 0.77
AIEA1 0.55 0.57 0.54 0.57 0.86 0.54 0.56 0.50 0.65 0.57
AIEA2 0.57 0.59 0.56 0.59 0.88 0.56 0.58 0.52 0.67 0.59
AIEA3 0.54 0.56 0.53 0.56 0.85 0.53 0.55 0.49 0.64 0.56
AIEA4 0.56 0.58 0.55 0.58 0.87 0.55 0.57 0.51 0.66 0.58

AE1 0.58 0.73 0.57 0.60 0.54 0.87 0.59 0.67 0.53 0.62

AE2 0.60 0.76 0.60 0.63 0.56 0.89 0.61 0.70 0.55 0.64

AE3 0.57 0.72 0.56 0.59 0.53 0.85 0.58 0.66 0.52 0.61
AISE1 0.69 0.64 0.60 0.63 0.56 0.59 0.88 0.55 0.54 0.63
AISE2 0.71 0.66 0.62 0.65 0.58 0.61 0.90 0.57 0.56 0.65
AISE3 0.68 0.63 0.59 0.62 0.55 0.58 0.87 0.54 0.53 0.62

PPO1 0.53 0.58 0.52 0.56 0.49 0.67 0.54 0.86 0.48 0.57
PPO2 0.55 0.61 0.55 0.59 0.52 0.70 0.57 0.88 0.51 0.60
PPO3 0.52 0.57 0.51 0.55 0.48 0.66 0.53 0.85 0.47 0.56
RAIUB1 0.54 0.55 0.50 0.53 0.64 0.52 0.53 0.47 0.85 0.54
RAIUB2 0.56 0.57 0.52 0.55 0.67 0.55 0.56 0.50 0.87 0.57
RAIUB3 0.53 0.54 0.49 0.52 0.63 0.51 0.52 0.46 0.84 0.53

AAIl 0.68 0.72 0.75 0.78 0.58 0.62 0.64 0.57 0.55 0.90

AAI2 0.66 0.70 0.73 0.76 0.56 0.60 0.62 0.55 0.53 0.88

AAI3 0.69 0.73 0.76 0.79 0.59 0.63 0.65 0.58 0.56 0.91

Note: All indicators exhibited higher loadings on their respective constructs than on any other construct, providing
evidence of satisfactory discriminant validity across both generational groups.
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Although several cross-loadings were numerically higher in the Gen Z sample,
the overall loading pattern remained consistent across both groups. Importantly, the pri-
mary loading for every indicator exceeded its cross-loadings with alternative constructs,
supporting appropriate construct specification. These findings suggest that the observed
relationships among constructs are unlikely to be attributable to item-level measurement
overlap and therefore provide a robust foundation for subsequent structural model esti-
mation. Overall, the cross-loading analysis confirms satisfactory item-level discriminant
validity in both groups and supports the appropriateness of the measurement model for
subsequent multi-group comparison.

The Fornell-Larcker results further support discriminant validity across both genera-
tional groups. For every construct, the square root of the Average Variance Extracted (AVE),
shown on the diagonal of Table 8, exceeded the corresponding inter-construct correlations.
This pattern suggests that each construct shared greater variance with its own indica-
tors than with other latent constructs, satisfying the recommended criterion for construct
distinctiveness (Henseler et al., 2016).

Table 8. Full Fornell-Larcker Criterion Matrix for Gen Y and Gen Z.

Generation Y

Construct AICC AIUB PU PSV AIEA AE AISE PPO RAIUB AAI
AICC 0.78 0.55 0.49 0.51 0.44 0.46 0.57 0.41 0.43 0.52
AIUB 0.55 0.77 0.52 0.57 0.45 0.61 0.51 0.46 0.44 0.54

PU 0.49 0.52 0.77 0.63 0.40 0.43 0.46 0.41 0.39 0.58

PSV 0.51 0.57 0.63 0.81 0.43 0.46 0.49 0.43 0.41 0.64

AIEA 0.44 0.45 0.40 0.43 0.76 0.41 0.42 0.38 0.55 0.44

AE 0.46 0.61 0.43 0.46 0.41 0.79 0.48 0.53 0.42 0.49

AISE 0.57 0.51 0.46 0.49 0.42 0.48 0.79 0.43 0.41 0.47

PPO 0.41 0.46 0.41 0.43 0.38 0.53 0.43 0.77 0.39 0.44

RAIUB 0.43 0.44 0.39 0.41 0.55 0.42 0.41 0.39 0.78 0.42

AAI 0.52 0.54 0.58 0.64 0.44 0.49 0.47 0.44 0.42 0.81
Generation Z

Construct AICC AIUB PU PSV AIEA AE AISE PPO RAIUB AAI
AICC 0.82 0.68 0.65 0.69 0.58 0.60 0.71 0.55 0.57 0.70
AIUB 0.68 0.85 0.70 0.72 0.60 0.75 0.66 0.61 0.58 0.73

PU 0.65 0.70 0.86 0.75 0.57 0.59 0.63 0.54 0.52 0.76
PSV 0.69 0.72 0.75 0.87 0.60 0.63 0.66 0.58 0.55 0.79
AIEA 0.58 0.60 0.57 0.60 0.84 0.56 0.58 0.52 0.67 0.59
AE 0.60 0.75 0.59 0.63 0.56 0.84 0.61 0.69 0.55 0.64
AISE 0.71 0.66 0.63 0.66 0.58 0.61 0.85 0.57 0.56 0.65
PPO 0.55 0.61 0.54 0.58 0.52 0.69 0.57 0.84 0.50 0.59
RAIUB 0.57 0.58 0.52 0.55 0.67 0.55 0.56 0.50 0.83 0.57
AAI 0.70 0.73 0.76 0.79 0.59 0.64 0.65 0.59 0.57 0.88

The diagonal values represent the square root of the average variance extracted (AVE) for each construct and were
used to assess discriminant validity according to the Fornell-Larcker criterion.

Although several inter-construct correlations were numerically larger within the Gen Z
sample, particularly among AIC, AIUB, PU, PSV, and AAI, the Fornell-Larcker criterion
remained satisfied for all constructs. Because only partial measurement invariance was
established through the MICOM procedure, these numerical differences are presented
descriptively and are not interpreted as evidence of superior measurement quality in
either group.
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Collectively, the Fornell-Larcker analysis confirms that the constructs remain empiri-
cally distinguishable within both samples, providing additional evidence supporting the
validity of the measurement model.

The HTMT criterion provides a more rigorous assessment of discriminant validity
by evaluating the similarity between theoretically distinct constructs (Podsakoff et al.,
2003). As presented in Table 9, all HTMT values for the Gen Y sample remained below
the commonly recommended thresholds, indicating satisfactory construct distinctiveness.
Within the sampled Gen Z participants, comparatively higher HTMT values were observed
for the construct pairs PSV-AAI (0.90), PU-AAI (0.89), AIUB-AAI (0.86), AIUB-AE (0.85),
and PSV-AIUB (0.85), suggesting numerically larger conceptual associations among several
Al-related constructs.

Table 9. Full HTMT Matrix for Gen Y and Gen Z.

Generation Y

Construct AICC AIUB PU PSV AIEA AE AISE PPO RAIUB AAI
AICC — 0.71 0.66 0.68 0.59 0.62 0.73 0.57 0.58 0.69
AIUB 0.71 — 0.69 0.74 0.61 0.74 0.68 0.63 0.60 0.73

PU 0.66 0.69 — 0.76 0.56 0.60 0.63 0.58 0.55 0.77

PSV 0.68 0.74 0.76 — 0.59 0.63 0.65 0.60 0.57 0.78

AIEA 0.59 0.61 0.56 0.59 — 0.57 0.58 0.54 0.72 0.60

AE 0.62 0.74 0.60 0.63 0.57 — 0.61 0.70 0.56 0.64

AISE 0.73 0.68 0.63 0.65 0.58 0.61 — 0.59 0.57 0.66

PPO 0.57 0.63 0.58 0.60 0.54 0.70 0.59 — 0.52 0.61

RAIUB 0.58 0.60 0.55 0.57 0.72 0.56 0.57 0.52 — 0.58
AAI 0.69 0.73 0.77 0.78 0.60 0.64 0.66 0.61 0.58 —

Generation Z

Construct AICC AIUB PU PSV AIEA AE AISE PPO RAIUB AAI
AICC — 0.82 0.79 0.80 0.68 0.70 0.84 0.65 0.66 0.81
AIUB 0.82 — 0.83 0.85 0.70 0.85 0.78 0.72 0.69 0.86

PU 0.79 0.83 — 0.88 0.67 0.69 0.74 0.64 0.62 0.89
PSV 0.80 0.85 0.88 — 0.69 0.72 0.76 0.67 0.64 0.90
AIEA 0.68 0.70 0.67 0.69 — 0.66 0.68 0.61 0.79 0.70
AE 0.70 0.85 0.69 0.72 0.66 — 0.71 0.81 0.65 0.74
AISE 0.84 0.78 0.74 0.76 0.68 0.71 — 0.66 0.65 0.77
PPO 0.65 0.72 0.64 0.67 0.61 0.81 0.66 — 0.59 0.68
RAIUB 0.66 0.69 0.62 0.64 0.79 0.65 0.65 0.59 — 0.67
AAI 0.81 0.86 0.89 0.90 0.70 0.74 0.77 0.68 0.67 —

Note: Most HTMT values remained below or at the upper boundary of thresholds commonly adopted in PLS-SEM
studies, indicating generally acceptable discriminant validity across both groups. Comparatively higher HTMT
values were observed within the Gen Z sample, particularly for PSV-AAI (0.90), PU-AAI (0.89), AIUB-AAI (0.86),
AIUB-AE (0.85), and PSV-AIUB (0.85). Consequently, HTMT inference using bootstrapped confidence intervals
was conducted to further evaluate construct distinctiveness.

To determine whether these elevated HTMT values reflected construct overlap, boot-
strapped HTMT inference was performed. As reported in Table 10, the 95% bootstrap
confidence intervals for all critical construct pairs remained below 1.00, satisfying the
HTMT inference criterion recommended by Henseler et al. (2016). Accordingly, the rela-
tively high HTMT values do not suggest a lack of discriminant validity but rather reflect
the close conceptual relationships among AIC, PU, strategic value, utilisation behaviour,
and adoption intention within the sampled Gen Z participants.

These findings were interpreted together with the cross-loading analysis and the
Fornell-Larcker criterion. The cross-loading matrices confirmed that every indicator loaded
highest on its intended construct, while the Fornell-Larcker criterion suggested satisfac-
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tory construct separation across all latent variables. The convergence of evidence from
these three complementary procedures supports the conclusion that the constructs remain
empirically distinguishable despite their strong conceptual relatedness.

Table 10. Bootstrapped HTMT Confidence Intervals for Critical Construct Pairs.

Construct Pair HTMT 95% CI Lower 95% CI Upper Discriminant Validity
PSV-AAI 0.90 0.84 0.96 Supported
PU-AAI 0.89 0.82 0.95 Supported
AIUB-AAI 0.86 0.79 0.93 Supported
AIUB-AE 0.85 0.78 091 Supported
PSV-AIUB 0.85 0.77 0.90 Supported
Note. Confidence intervals were obtained using the SmartPLS bootstrapping procedure (5000 bootstrap samples).
Following (Henseler et al., 2016), discriminant validity is supported when the upper confidence limit remains
below 1.00.

Overall, the discriminant validity assessment suggests satisfactory construct distinc-
tiveness for both generational groups. Although several HTMT values in the Gen Z sample
approached the more liberal threshold, the combined evidence from the cross-loading
analysis, the Fornell-Larcker criterion, and the bootstrapped HTMT inference supports
retaining all constructs in the proposed measurement model for the subsequent structural
and multi-group analyses. (See Tables 11 and 12).

Table 11. Structural Model Results and PLS Multi-Group Analysis (PLS-MGA).
Hypothesis Structural Path GenYp GenZp Within-Group Decision
H1 AICC — AIUB 0.41 *** 0.62 *** Supported in both groups
H2 AICC — AAI 0.28 *** 0.55 *** Supported in both groups
H3 PSV — AAI 0.36 *** 0.47 *** Supported in both groups
H4 PU — AAI 0.22 ** 0.39 *** Supported in both groups
H5 AIUB — AE 0.44 *** 0.60 *** Supported in both groups
Hé6 AIUB — PPO 0.12ns 0.31 *** Significant only in Gen Z
H7 AIEA — RAIUB 0.53 *** 0.40 *** Supported in both groups
HS8 AICC — AISE — AIUB 0.27 *** 0.49 *** Supported in both groups
H9 AIUB — AE — PPO 0.10 ns 0.28 *** Significant only in Gen Z
Note. = standardized path coefficient; Gen Y = Generation Y; Gen Z = Generation Z; ns = not significant.
1 < 0.001; ** p < 0.01.
Table 12. PLS Multi-Group Analysis (PLS-MGA).
Hypothesis Compared Path AP (GenZ — GenY)  p-Value Decision
H10 AICC — AIUB 0.21 0.004 Significant between-group difference
H11 PSV — AAI 0.11 0.186 No significant between-group difference
H12 AIEA — RAIUB -0.13 0.012 Significant between-group difference

Note. 3 values represent standardised path coefficients estimated separately for the Gen Y and Gen Z samples
using PLS-SEM. H1-H9 evaluate structural relationships within each group independently and are not intended
to test differences between groups. Formal between-group comparisons were conducted only for the hypotheses
explicitly specified for PLS Multi-Group Analysis (H10-H12). Consequently, differences in coefficient magnitude
reported for H1-H9 should not be interpreted as evidence of statistically significant differences between Gen Y
and Gen Z.

The structural model revealed several common patterns across the sampled Gen
Y and Gen Z participants. AI Competency Capability (AICC) was positively associated
with both Al Utilisation Behaviour (AIUB) and Al Adoption Intention (AAI) within each
group, supporting H1 and H2. Likewise, Perceived Strategic Value (PSV) and Perceived
Usability (PU) were positively associated with AI Adoption Intention (AAI), supporting
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H3 and H4 in both groups. Al Utilisation Behaviour (AIUB) was positively associated
with Academic Engagement (AE), supporting H5. In contrast, the relationship between
AIUB and Perceived Performance Outcomes (PPO) was statistically significant only in
the sampled Gen Z participants, providing partial support for H6. Similarly, Al Ethical
Awareness (AIEA) was positively associated with Responsible AI Utilisation Behaviour
(RAIUB) in both groups, supporting H7. The mediation analyses further suggested that Al
Self-Efficacy (AISE) significantly mediated the relationship between AICC and AIUB in both
groups (H8). In contrast, the indirect association between AIUB and PPO through AE was
significant only within the sampled Gen Z participants, providing partial support for H9.

Formal between-group comparisons were conducted only for the hypotheses explicitly
evaluated using Partial Least Squares Multi-Group Analysis (PLS-MGA). The PLS-MGA
results confirmed a statistically significant difference for the relationship between AICC and
AIUB (H10, p = 0.004), indicating that this association differed between the two sampled
groups. In addition, the relationship between Al Ethical Awareness and Responsible Al
Utilisation Behaviour differed significantly between groups (H12, p = 0.012). By contrast,
no statistically significant between-group difference was identified for the relationship
between Perceived Strategic Value and Al Adoption Intention (H11, p = 0.186).

Because formal PLS-MGA comparisons were not conducted for the remaining struc-
tural or mediated relationships, differences in the magnitude of the corresponding path
coefficients should not be interpreted as evidence of numerically larger or weaker relation-
ships between the sampled Gen Y and Gen Z participants. These coefficients are reported to
describe the structural models estimated separately within each group. Furthermore, given
the cross-sectional design and the observed differences in age, career stage, institutional
role, and professional experience, the findings should be interpreted as sample-specific
associations rather than fixed generational characteristics.

Figure 1 presents the effect size estimates (f?) for the structural relationships within
the Gen Y and Gen Z samples. Whereas the path coefficients suggest the strength and
statistical significance of the observed associations, the effect size estimates provide addi-
tional information regarding the practical contribution of each predictor to explaining the
endogenous constructs (Sarstedt et al., 2022).

0.40

0.35 A

RH7

0.30

0.25 -

0.20 A

Effect Size (f2)

0.15

0.10 RH2

0.05

0.00

GenY Gen Z

Figure 1. Group-Specific Effect Size Estimates (f?) for Gen Y and Gen Z.

The largest effect sizes were observed for the relationships between AI Competency
Capability (AICC) and Al Utilisation Behaviour (AIUB) and between Al Utilisation Be-
haviour (AIUB) and Academic Engagement (AE), particularly among the sampled Gen
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Z participants. These findings suggest that Al competency and subsequent Al utilisation
contribute substantially to explaining behavioural engagement with Al-supported aca-
demic activities within this group. From a practical perspective, the results suggest that
strengthening Al competency may be particularly important for encouraging active Al
utilisation and sustained engagement among younger higher education professionals.

For the sampled Gen Y participants, the largest practical contribution was observed
for the relationship between Al Ethical Awareness (AIEA) and Responsible Al Utilisation
Behaviour (RAIUB). This finding complements the structural model results by indicat-
ing that ethical awareness plays a comparatively greater role in explaining Responsible
Al Utilisation Behaviour (RAIUB) within this group. From an institutional perspective,
this suggests that governance initiatives, ethical Al guidelines, and professional develop-
ment activities may be particularly relevant for reinforcing responsible Al practices among
experienced higher education professionals.

Overall, the effect size analysis suggests that the two groups exhibit different practi-
cal patterns of Al adoption. The sampled Gen Z participants suggested larger practical
contributions from competency- and behaviour-related constructs, whereas the sampled
Gen Y participants exhibited relatively numerically larger practical contributions from
ethical awareness. These findings complement the structural model results by illustrating
that the functional and ethical dimensions of Al adoption contribute differently across the
two groups.

Predictive relevance was evaluated using the Stone-Geisser Q? statistic to determine
the model’s ability to predict the endogenous constructs. As illustrated in Figure 2, all Q?
values exceeded zero for both groups, indicating satisfactory predictive relevance for Al
Utilisation Behaviour (AIUB), Al Adoption Intention (AAI), Academic Engagement (AE),
Perceived Performance Outcomes (PPO), Responsible Al Utilisation Behaviour (RAIUB),
and AI Self-Efficacy (AISE). These findings suggest that the proposed model exhibits
acceptable predictive relevance for the endogenous constructs within the present sample
(Sarstedt et al., 2022).

0.40

AE

AluB

AISE
0.30

AAL

0.25 4 AE

Predictive Relevance (Q?)

RAIUB

\

AluB
RAIUB
0.20 A

AISE

.25

Gen Y Gen Z

Figure 2. Predictive Relevance (Q?) Results by Group (Gen Y vs. Gen Z).

Although the Q? values were consistently higher for the sampled Gen Z participants
across all endogenous constructs, these differences should be interpreted with caution
because only partial measurement invariance was established using the MICOM procedure.
Accordingly, the observed differences are presented as sample-specific predictive patterns
rather than evidence that the model is universally more predictive for one generational
group than the other.
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From an applied perspective, the higher predictive relevance observed in the Gen Z
sample suggests that AIC, AIUB, PU, and strategic value collectively explain a greater pro-
portion of Al-related behavioural outcomes among younger higher-education professionals.
In contrast, the satisfactory Q? values observed in the Gen Y sample suggest meaningful
predictive relevance for more experienced professionals in the present sample. However,
the relative contribution of ethical awareness appears more prominent in this group.

Taken together, the effect size and predictive relevance analyses reinforce the struc-
tural model findings. Within the present sample, the Gen Z group exhibited higher Q?
values for several endogenous constructs, suggesting comparatively greater predictive
relevance. However, these differences should not be interpreted as evidence that the model
is inherently more predictive for younger professionals.

Measurement invariance was evaluated prior to multi-group comparisons using the
MICOM procedure, following the recommendations of Henseler et al. (2016). Establishing
measurement invariance is an important prerequisite for meaningful comparisons of struc-
tural relationships, as it determines whether constructs are measured consistently across
groups before differences in path coefficients are interpreted.

The MICOM analysis was conducted in three sequential steps. Step 1 confirmed
configural invariance, indicating that both the Gen Y and Gen Z samples shared the
same measurement model specification, indicator configuration, estimation procedures,
and data treatment. Establishing configural invariance suggests that the constructs were
operationalised consistently across both groups and therefore provides the foundation for
subsequent invariance testing (Henseler et al., 2016).

Step 2 examined compositional invariance by comparing the composite scores gen-
erated for each latent construct. As presented in Table 13, all correlation (c) values were
very close to 1.00 and fell within their corresponding 95% confidence intervals. These find-
ings confirm that compositional invariance was established for every construct, indicating
that the composites represented the same underlying conceptual variables in both groups
despite potential differences in group-specific responses.

Table 13. Complete MICOM Invariance Testing Results for Gen Y and Gen Z.

o o " .
MIcoM Construct c-Value 95% CI - 95% CI Comp0§1tlonal Mean Difference p-Value Yarlance p-Value Result
Step Lower  Upper Invariance Difference
Step 1 Model‘ o o o Established o o o o Configural invariance
configuration supported
Step 2 AICC 0.997 0.991 1.000 Yes 0.068 0.031 0.077 0.044 Partial invariance
Step 2 AIUB 0.995 0.989 1.000 Yes 0.075 0.018 0.083 0.037 Partial invariance
Step 2 PU 0.996 0.990 1.000 Yes 0.072 0.026 0.081 0.041 Partial invariance
Step 2 PSV 0.998 0.993 1.000 Yes 0.041 0.047 0.067 0.049 Partial invariance
Step 2 AIEA 0.994 0.987 1.000 Yes 0.038 0.061 0.074 0.043 Partial invariance
Step 2 AE 0.996 0989  1.000 Yes 0.029 0.084 0.048 0.071 Partial measurement
invariance
Step 2 AISE 0.997 0.991 1.000 Yes 0.033 0.076 0.062 0.052 Partial invariance
Step 2 PPO 0.995 0988  1.000 Yes 0.027 0.092 0.044 0.086 Partial measurement
invariance
Step 2 RAIUB 0.996 0.990 1.000 Yes 0.036 0.068 0.059 0.057 Partial invariance
Step 2 AAL 0998 0992  1.000 Yes 0.025 0.103 0.039 0.094 Partial measurement

invariance

Note. Step 1 confirms configural invariance. Step 2 confirms compositional invariance when the c-value falls
within the confidence interval.

Step 3 evaluated the equality of composite means and variances using permutation
tests. For several constructs, including AI Competency Capability (AICC), Al Utilisation
Behaviour (AIUB), Perceived Usability (PU), Perceived Strategic Value (PSV), and Al Ethical
Awareness (AIEA), statistically significant differences were observed in either compos-
ite means or variances. Consequently, full measurement invariance was not established,
and the overall MICOM assessment supports partial measurement invariance.
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From a methodological perspective, these findings have important implications for
interpreting the subsequent multi-group analysis. Because configural invariance and com-
positional invariance were successfully established, the level of invariance achieved is
sufficient to permit meaningful comparisons of the structural path coefficients using PLS
Multi-Group Analysis (PLS-MGA) (Henseler et al., 2016; Sarstedt et al., 2022). However,
the absence of full equality in composite means and variances suggests that comparisons
should focus on differences in the structural relationships among constructs rather than
direct comparisons of measurement quality indices or latent variable scores across groups.

Accordingly, the higher indicator loadings, Average Variance Extracted (AVE), Com-
posite Reliability, and Cronbach’s alpha values observed descriptively within the Gen Z
sample should not be interpreted as evidence of a numerically larger measurement model.
Instead, these statistics suggest that both groups independently satisfied accepted psycho-
metric standards before structural comparisons were undertaken. Likewise, the observed
difference in latent construct means and variances is interpreted as sample-specific percep-
tual and behavioural differences rather than as evidence of fixed or universal generational
characteristics.

Overall, the MICOM results provide an appropriate methodological foundation for
the subsequent PLS-MGA. The establishment of partial measurement invariance supports
valid comparisons of the structural relationships reported in Table 7. It encourages cau-
tious interpretation of descriptive differences in measurement properties between the two
generational groups.

5. Discussion

The discussion is organised around the proposed hypotheses to maintain consistency
among the empirical model, research questions, and study objectives. Overall, H1, H2,
H3, H4, H5, H7, H8, H10, and H12 were supported, whereas H6 and H9 received partial
empirical support because the corresponding relationships were statistically significant only
within the sampled Gen Z participants. H11 was not supported. Importantly, statistically
significant group differences were confirmed only for H10 and H12 through the PLS Multi-
Group Analysis (PLS-MGA). Consequently, interpretations of the remaining relationships
are restricted to within-group findings or sample-specific numerical differences rather than
statistically confirmed between-group differences. Furthermore, because the sampled Gen
Y and Gen Z professionals also differed in chronological age, career stage, institutional
role, and potentially accumulated Al experience, these characteristics represent plausible
alternative explanations for the observed patterns and should be considered alongside
generational classification.

The findings suggest that Al Competency Capability (AICC) was positively associated
with both Al Utilisation Behaviour (AIUB) and Al Adoption Intention (AAI), supporting
H1 and H2. These findings are consistent with previous studies indicating that Al compe-
tency facilitates both Al utilisation and willingness to adopt Al technologies (Alnajdi et al.,
2025; Salem, 2026; Zhang et al., 2025). Although both coefficients were numerically larger
among the sampled Gen Z participants, the PLS-MGA identified a statistically significant
between-group difference only for the AICC — AIUB relationship (H10). The larger coeffi-
cient observed for AICC — AAI therefore represents a numerical difference rather than
evidence of a numerically significantly larger relationship. Within this sample, younger
professionals exhibited numerically larger competency—utilisation associations. However,
these participants were also more frequently represented in administrative and early-career
positions. In contrast, Gen Y participants more commonly occupied formal leadership
roles; the observed pattern may equally reflect differences in organisational responsibilities,
career stage, accumulated professional experience, or Al exposure.
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The positive associations between Perceived Strategic Value (PSV), Perceived Usability
(PU), and Al Adoption Intention (AAI) support H3 and H4 and are consistent with the
Technology Acceptance Model (TAM) and the Unified Theory of Acceptance and Use
of Technology (UTAUT), which identify perceived usefulness and usability as important
determinants of technology adoption (Davis, 1989; Venkatesh et al., 2003). Although these
relationships were numerically larger within the sampled Gen Z participants, no statisti-
cally significant between-group differences were identified. Likewise, the non-significant
PLS-MGA result for H11 suggests that the relationship between PSV and AAI remained
statistically comparable across groups. Accordingly, perceived usability and strategic value
appear to represent robust determinants of Al adoption irrespective of group membership.
In contrast, the observed numerical differences may reflect contextual variation rather than
generational effects.

The measurement model further supports the validity of these interpretations.
Although several HTMT values within the sampled Gen Z participants approached more
liberal thresholds, the bootstrapped HTMT confidence intervals remained below 1.00.
At the same time, the cross-loading analysis and Fornell-Larcker criterion also confirmed
satisfactory discriminant validity. Collectively, these results suggest that the relatively high
correlations among competency-, usability-, and adoption-related constructs reflect their
close conceptual relationships rather than deficiencies in construct measurement, thereby
strengthening confidence in the structural findings.

The positive association between Al Utilisation Behaviour and Academic Engage-
ment supports H5 and aligns with previous evidence that active Al use is associated with
greater engagement in digitally supported educational environments (Shahzad et al., 2025;
Tian et al., 2024). Although this relationship was numerically larger among the sampled
Gen Z participants, no statistically significant between-group difference was suggested.
H6 received partial support because Al Utilisation Behaviour was positively associated
with Perceived Performance Outcomes only within the sampled Gen Z participants. Nev-
ertheless, because no statistically significant difference between the two coefficients was
established, this finding should be interpreted as a group-specific pattern rather than
evidence that the relationship is numerically larger in one generation. Differences in job
responsibilities, Al usage intensity, career stage, or institutional context may equally con-
tribute to this observation.

Regarding responsible Al use, H7 was supported, demonstrating a positive associ-
ation between AI Ethical Awareness (AIEA) and Responsible Al Utilisation Behaviour
(RAIUB). Unlike most other relationships, the PLS-MGA confirmed a statistically signifi-
cant between-group difference (H12), with the association being numerically larger among
the sampled Gen Y participants. This finding is consistent with previous work emphasising
the importance of ethical awareness, governance, and accountability in responsible Al
adoption (Floridi, 2019; Kumar, 2024). However, this result should not be interpreted as
indicating that ethical awareness is inherently greater among Gen Y professionals. Rather,
the numerically larger association may reflect the greater prevalence of leadership responsi-
bilities, organisational accountability, professional seniority, and accumulated institutional
experience within this group.

The mediation analyses further highlight the role of Al Self-Efficacy. H8 was sup-
ported in both groups, indicating that Al Self-Efficacy mediated the relationship between Al
Competency Capability and Al Utilisation Behaviour, consistent with self-efficacy theory and
previous Al adoption research (Bandura, 1977; Qi et al., 2025; Salem & Khalil, 2026). Although
the indirect effect was numerically larger within the sampled Gen Z participants, no sta-
tistically significant between-group comparison was established. Likewise, H9 received
partial support because the indirect relationship between Al Utilisation Behaviour and Per-
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ceived Performance Outcomes through Academic Engagement was statistically significant
only within the sampled Gen Z participants. These mediation findings therefore represent
within-group behavioural patterns rather than confirmed differences between generations.

Taken together, the PLS-MGA results identified statistically significant between-group
differences only for the AICC — AIUB and AIEA — RAIUB relationships. The remaining
relationships did not differ significantly between groups despite differences in coefficient
magnitude. These findings suggest that competency-related and ethics-related dimensions
of Al adoption may be associated differently across the sampled professionals. However,
because generational classification was closely intertwined with chronological age, career
stage, institutional role, and professional experience—and because these variables were not
incorporated as statistical controls or sensitivity analyses—the independent contribution of
generation cannot be isolated. Consequently, the observed differences should be interpreted
as reflecting multiple overlapping demographic and organisational influences operating
within the present sample.

The effect size (f?) and predictive relevance (Q?) analyses provide additional support
for this interpretation. Larger effect sizes and predictive relevance values were generally
observed among the sampled Gen Z participants, particularly for competency-related
constructs. Nevertheless, these findings suggest higher predictive relevance only within
the present sample and should not be interpreted as evidence that the proposed model is
inherently more predictive across generations. Differences in Al exposure, organisational
responsibilities, and institutional context remain plausible alternative explanations.

The MICOM procedure established partial measurement invariance, supporting the
use of PLS-MGA for comparing structural relationships (Henseler et al., 2016; Sarstedt
et al., 2022). At the same time, significant differences in selected composite means and
variances suggest that several Al-related constructs were perceived differently across the
two sampled groups. Consequently, the findings should be interpreted as differences in
observed behavioural patterns rather than evidence of fixed generational traits.

From an organisational perspective, the findings suggest that higher education in-
stitutions may benefit from differentiated Al capacity-building strategies. Within this
sample, younger professionals suggested numerically larger competency-utilisation associ-
ations, whereas more experienced professionals suggested numerically larger relationships
between ethical awareness and responsible Al utilisation. Because these characteristics
overlap substantially with career stage, institutional responsibilities, and organisational
position, Al development initiatives may be more effective if tailored to professional roles,
experience, and organisational responsibilities rather than to generational categories alone.
Such approaches may simultaneously strengthen technical Al competency and responsible
Al governance across diverse university workforces.

These practical implications can be interpreted through the complementary perspec-
tives of Adaptive Structuration Theory (AST) and Dual-Process Theory (DPT). Importantly,
neither theory was empirically tested in the present study nor used to derive the struc-
tural hypotheses. Instead, AST provides an organisational lens for understanding how
institutional structures, governance arrangements, and professional roles may influence
the appropriation of Al within higher education. In contrast, DPT offers a cognitive per-
spective for interpreting how professionals balance efficient Al-supported decision-making
with reflective ethical reasoning. Accordingly, the present findings should be viewed as
illustrating the usefulness of these theories for interpreting observed organisational and
cognitive patterns rather than as empirical confirmation of either theoretical framework.

Overall, the findings identify complementary patterns of Al adoption within the
sampled higher education professionals rather than fixed generational characteristics. Sta-
tistically significant between-group differences were confirmed only for the relationships
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between Al Competency Capability and Al Utilisation Behaviour and between Al Ethical
Awareness and Responsible Al Utilisation Behaviour. All remaining differences represent
numerical variations or within-group behavioural patterns. Given the cross-sectional de-
sign and the overlap between generational membership, chronological age, career stage,
institutional role, professional experience, and prior Al exposure, the independent effects
of these characteristics cannot be separated. Consequently, the study contributes evidence
regarding the functional and ethical dimensions of Al adoption among higher education
professionals while avoiding deterministic interpretations of generational behaviour.

6. Conclusions

This study examined the relationships among AI Competency Capability (AICC),
Al Utilisation Behaviour (AIUB), Al Adoption Intention (AAI), Academic Engagement
(AE), Perceived Performance Outcomes (PPO), Al Ethical Awareness (AIEA), Responsible
Al Utilisation Behaviour (RAIUB), and AlI Self-Efficacy (AISE) among sampled Genera-
tion Y (Gen Y) and Generation Z (Gen Z) higher education professionals. Rather than
conceptualising an Al generation gap as a deficit-based distinction, the findings suggest
that Al adoption reflects complementary functional and ethical dimensions, including Al
competency, behavioural engagement, responsible Al utilisation, and ethical awareness,
within the present sample.

The PLS Multi-Group Analysis (PLS-MGA) confirmed statistically significant between-
group differences only for the relationships between Al Competency Capability and Al
Utilisation Behaviour (AICC — AIUB) and between Al Ethical Awareness and Responsi-
ble Al Utilisation Behaviour (AIEA — RAIUB). Specifically, the association between Al
Competency Capability and Al Utilisation Behaviour was significantly larger in magnitude
among the sampled Gen Z participants. In contrast, the association between Al Ethical
Awareness and Responsible Al Utilisation Behaviour was significantly larger in magni-
tude among the sampled Gen Y participants. For all remaining structural relationships,
differences in standardised path coefficients should be interpreted as sample-specific nu-
merical variations or within-group behavioural patterns rather than statistically confirmed
between-group differences.

The measurement model demonstrated satisfactory reliability, convergent validity,
and discriminant validity. At the same time, the MICOM procedure established partial
measurement invariance, thereby supporting appropriate comparisons of structural rela-
tionships between the two sampled groups. Collectively, the structural model, effect size
estimates, and predictive relevance analyses identified meaningful associations among
the study constructs within the present sample. However, because the sampled Gen Y
and Gen Z participants also differed in chronological age, career stage, institutional role,
and potentially professional experience, the observed between-group differences cannot
be attributed exclusively to generational membership. Instead, they should be interpreted
as sample-specific associations that may jointly reflect generational classification, as well
as organisational, demographic, and professional characteristics. Consequently, the cross-
sectional design does not permit the independent effects of generation, age, career stage,
institutional role, professional experience, or prior Al exposure to be disentangled.

From a practical perspective, the findings suggest that higher education institutions
may benefit from balanced Al development strategies that integrate technical AI compe-
tency development with ethical Al awareness, responsible Al governance, and organisa-
tional support for Al implementation. Rather than adopting uniform approaches based
solely on generational categories, universities may achieve more effective Al integration
by considering employees’ professional responsibilities, career stages, organisational roles,
and previous Al experience when designing Al-related training and governance initiatives.
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Finally, this study proposes the Gen-Al Dual Competency Alignment Framework
(GADCAF) as a conceptual and interpretive framework for understanding how Al compe-
tency and ethical Al awareness may jointly support responsible Al integration in higher
education. GADCAF is not presented as a validated theoretical model, predictive frame-
work, or empirical explanation of causal relationships. Instead, it serves as a conceptual
foundation for future empirical research, organisational reflection, and theory develop-
ment concerning Al adoption, responsible Al utilisation, and professional development in
Al-enabled higher education. Future longitudinal and multi-context studies incorporating
demographic and organisational control variables are needed to further evaluate and refine
the framework while distinguishing the respective contributions of generation, age, career
stage, institutional role, professional experience, and Al exposure.

7. Literature Contributions (Theoretical and Practical)

These findings contribute to the growing literature on Al adoption, Al competency,
and responsible Al use in higher education by examining behavioural, cognitive, and ethi-
cal dimensions of Al engagement among sampled Gen Y and Gen Z professionals. Unlike
many previous studies that focus primarily on technology adoption intention, the present
study incorporates AI Competency Capability (AICC), Al utilisation behaviour, Al eth-
ical awareness (AIEA), Al self-efficacy, responsible Al utilisation behaviour, Academic
Engagement (AE), and Perceived Performance Outcomes (PPO) within a single framework.
In doing so, it provides a more comprehensive understanding of Al-related engagement in
higher education environments.

The study also contributes to research on generational differences in Al-supported
educational settings. The findings suggest that the sampled Gen Z participants exhibited
numerically larger associations among AICC, AIUB, AE, and AAIL However, statistically
significant between-group differences were confirmed only for the AICC — AIUB relation-
ship. In contrast, the sampled Gen Y participants suggested numerically larger associations
between AIEA and responsible Al utilisation behaviour. These findings suggest comple-
mentary patterns of Al engagement rather than generational deficiencies and support
a more balanced interpretation of the Al generation gap.

From a theoretical perspective, the hypothesised structural relationships were pri-
marily informed by technology adoption, behavioural engagement, self-efficacy, and Al
competency literature, consistent with the Technology Acceptance Model (TAM) and
Unified Theory of Acceptance and Use of Technology (UTAUT) traditions. In contrast,
Adaptive Structuration Theory (AST) and Dual-Process Theory (DPT) served as broader
interpretive frameworks rather than direct hypothesis-generating theories. AST provided
an organisational perspective for understanding how institutional practices and adaptation
processes may shape Al integration. At the same time, DPT helped interpret the balance
between operational Al engagement and reflective ethical reasoning.

From a practical perspective, the findings suggest that higher education institutions
may benefit from balanced Al development strategies that simultaneously strengthen
technical Al competencies, ethical awareness, responsible Al use, and intergenerational
collaboration. These implications should be viewed as organisational considerations arising
from the observed findings rather than as empirically validated leadership mechanisms.

8. Opportunities, Limitations, and Future Research

The present study identifies opportunities for supporting responsible Al integration
in higher education by combining technical Al competency with ethical awareness, organi-
sational governance, and continuous professional development. The findings suggest that
universities may benefit from creating Al-enabled learning environments that promote re-
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sponsible Al utilisation alongside functional Al skills. However, these implications should
be interpreted as organisational considerations informed by the present findings rather
than empirically validated intervention strategies.

Several limitations should be considered. First, the study relied on self-reported mea-
sures, which capture participants’ perceptions rather than objectively verified behaviours
or performance outcomes. Second, the cross-sectional design precludes causal inference
and cannot determine changes in Al-related behaviours over time. Third, although prede-
fined Generation Y and Generation Z groups were compared, the observed between-group
patterns cannot be attributed solely to generational membership because generation was
inherently associated with chronological age, career stage, institutional role, professional ex-
perience, and prior Al exposure. Although these characteristics were reported descriptively,
they were not incorporated as control variables or examined through formal sensitivity
analyses. Consequently, the reported differences should be interpreted as sample-specific
associations rather than universal generational characteristics. Finally, the study was con-
ducted within Saudi Arabian universities and focused on selected Al-related constructs,
which may limit generalisability to other educational contexts.

Future research should employ longitudinal, mixed-method, experimental, and cross-
cultural designs to better distinguish generational effects from age, career stage, institu-
tional role, and Al experience. Studies should incorporate demographic and organisational
variables as controls or moderators, conduct sensitivity analyses, and utilise objective be-
havioural indicators such as Al usage logs and institutional performance measures. Future
work should also evaluate and refine the proposed Gen-Al Dual Competency Alignment
Framework (GADCAF) as a provisional conceptual and interpretive framework, rather
than a validated explanatory model, across diverse educational and organisational contexts.

9. GADCAF

The Gen-AI Dual Competency Alignment Framework (GADCAF) is introduced as
a provisional conceptual and interpretive framework derived from the observed empirical
patterns identified in the present study. It is not presented as an empirically validated
theoretical model, predictive framework, or causal explanation of Al adoption.

The framework was developed as an interpretive synthesis of the observed structural
relationships identified through the PLS-SEM and PLS-MGA analyses. The sampled Gen Z
participants reported numerically stronger associations among Al Competency Capability
(AICC), Al utilisation behaviour, Academic Engagement (AE), and Al Adoption Intention
(AAI), indicating greater operational engagement with Al-enabled educational systems.
In contrast, the sampled Gen Y participants suggested numerically larger associations
between AIEA and responsible Al utilisation behaviour, suggesting greater alignment
between ethical reflection and responsible Al use within this sample.

Adaptive Structuration Theory (AST) and Dual-Process Theory (DPT) provide the
principal interpretive perspectives for understanding GADCAF. The framework does not
test these theories directly, nor does it provide empirical confirmation of them. Instead,
the theories assist in interpreting how organisational context and cognitive decision-making
may help explain the observed associations. AST provides an organisational perspective
by emphasising that Al integration is shaped by institutional practices, organisational
adaptation, governance structures, and collaborative learning processes. DPT complements
this view by highlighting the balance between operational Al engagement and reflective
ethical reasoning.

Accordingly, GADCAF provides a conceptual lens through which future studies
may examine how Al competency and ethical awareness jointly support responsible Al
integration. These propositions should be regarded as theoretical interpretations that
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require further empirical investigation rather than as empirically established mechanisms.
Future research should evaluate, refine, and, where appropriate, revise the proposed
framework using longitudinal, cross-cultural, and intervention-based research designs
before broader theoretical or practical conclusions are drawn.

Author Contributions: Conceptualization, M.A.S. and Z.A K.; Methodology, M.A.S. and Z.AK;
Software, M.A.S. and Z.A.K.; Validation, M.A.S. and Z.A K.; Formal analysis, M.A.S. and Z.A K.;
Investigation, M.A.S. and Z.A K,; Resources, M.A.S. and Z.A K,; Data curation, M.A.S. and Z.A K.;
Writing—original draft, M.A.S. and Z.A K.; Writing—review & editing, M.A.S. and Z.A K,; Visu-
alization, M.A.S. and Z.A K,; Supervision, M.A.S. and Z.A K.; Project administration, M.A.S. and
Z.A K,; Funding acquisition, M.A.S. All authors have read and agreed to the published version of
the manuscript.

Funding: This work was funded by the Deanship of Scientific Research, Vice Presidency for Graduate
Studies and Scientific Research, King Faisal University, Saudi Arabia (Project No. KFU263931).

Institutional Review Board Statement: Before data collection commenced, formal ethical approval
was obtained from the Institutional Review Board of King Faisal University (KFU-2026-ETHICS4377)
Date of approval: 1 March 2025.

Informed Consent Statement: Several measures were implemented to safeguard participants’ rights.
Participation was entirely voluntary and free from coercion, and written informed consent was
obtained from all respondents. Participants were informed of their right to withdraw from the
study at any time without providing a reason. All data were anonymised to ensure confidentiality.
Respondents were assured that their responses would remain anonymous, be securely stored on en-
crypted institutional servers, and be used exclusively for academic research purposes. No personally
identifiable information was collected.

Data Availability Statement: The data supporting the findings of this study are available from the
corresponding author upon reasonable request, subject to privacy and ethical restrictions.

Conflicts of Interest: The authors declare no conflicts of interest.

Appendix A

Table A1. Measurement Instrument and Questionnaire Items.

Construct Item
AICC1: I possess sufficient knowledge to use Generative Al tools effectively in my
professional work.
AI Competency AICC2: I can critically evaluate the accuracy and reliability of Al-generated outputs before
Capability (AICC) using them.

AICC3: I understand the capabilities, limitations, and potential risks of Generative
Al systems.

Al Utilisation Behaviour
(AIUB)

AIUBI: I regularly use Generative Al to support my academic or administrative tasks.
AIUB2: I integrate Generative Al into my routine professional activities

whenever appropriate.

AIUB3: I actively explore new ways to use Generative Al to improve my work.

Perceived Usability (PU)

PU1: Generative Al systems are easy for me to learn.

PU2: Interacting with Generative Al systems is clear and easy to understand.
PU3: I find Generative Al systems easy to use in my professional activities.
PU4: Overall, Generative Al applications are user-friendly.

Perceived Strategic
Value (PSV)

PSV1: Generative Al can improve the quality of teaching, research,

and administrative work.

PSV2: Generative Al contributes to innovation within higher education institutions.
PSV3: The strategic benefits of Generative Al outweigh the effort required to implement it.
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Table Al. Cont.

Construct Item

AIEAT: I consider ethical issues before using Generative Al in professional activities.
AIEA?2: ] recognise the importance of protecting privacy and confidential information
when using AL

AIEA3: I am aware of potential biases and inaccuracies in Al-generated outputs.
AIEA4: I understand my ethical responsibility when using Al-generated content.

Al Ethical Awareness
(AIEA)

AE1: Using Generative Al increases my engagement in academic or professional activities.
Academic Engagement AE2: Generative Al motivates me to participate more actively in teaching, research, or
(AE) institutional work.
AE3: Generative Al helps me remain actively involved in my professional responsibilities.

AISE1: I am confident in my ability to use Generative Al effectively.
Al Self-Efficacy (AISE)  AISE2: I can solve most problems that arise while using Generative AL
AISE3: I feel capable of learning advanced Generative Al applications independently.

PPO1: Using Generative Al improves my work performance.
PPO2: Generative Al enables me to complete tasks more efficiently.
PPO3: Generative Al enhances the quality of my professional outputs.

Perceived Performance
Outcomes (PPO)

RAIUBL: I verify Al-generated information before applying it in my work.

Responsible Al RAIUB2: I use Generative Al in ways that comply with institutional policies and
Utilisation Behaviour  ethical standards.
(RAIUB) RAIUB3: I use Generative Al responsibly while maintaining academic integrity and

professional accountability.

AAIL: Iintend to increase my use of Generative Al in the future.

Al Adoption Intention A Ap: | plan to integrate Generative Al into more of my professional activities.
(AAD) AAI3: I would recommend using Generative Al to colleagues when appropriate.
References

Alnajdi, S. M., Salem, M. A., & Elshaer, I. A. (2025). Examining the acceptance and use of Al-based assistive technology among
university students with visual disability: The moderating role of physical self-esteem. Bioengineering, 12, 1095. [CrossRef]
[PubMed]

Bandura, A. (1977). Self-efficacy: Toward a unifying theory of behavioural change. Psychological Review, 84(2), 191-215. [CrossRef]
[PubMed]

Chan, C. K. Y,, & Lee, K. K. W. (2023). The Al ethics literacy framework for higher education. Computers and Education: Artificial
Intelligence, 4, 100131. [CrossRef]

Costanza, D. P, Badger, J]. M., Fraser, R. L., Severt, J. B., & Gade, P. A. (2012). Generational differences in work-related attitudes:
A meta-analysis. Journal of Business and Psychology, 27(4), 375-394. [CrossRef]

Dai, Y., Liu, X., & Wang, J. (2025). Generational variation in artificial intelligence adoption and ethical perception in higher education.
Educational Technology Research and Development, 73(2), 455—478. [CrossRef]

Davis, E. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of information technology. MIS Quarterly,
13(3), 319-340. [CrossRef] [PubMed]

DeSanctis, G., & Poole, M. S. (1994). Capturing the complexity in advanced technology use: Adaptive structuration theory. Organization
Science, 5(2), 121-147. [CrossRef]

Dwivedi, Y. K., Kshetri, N., Hughes, L., Slade, E. L., Jeyaraj, A., Kar, A. K., Baabdullah, A. M., Koohang, A., Raghavan, V., Ahuja,
M., Albanna, H., Albashrawi, M. A., Al-Busaidi, A. S., Balakrishnan, J., Barlette, Y., Basu, S., Bose, 1., Brooks, L., Buhalis, D., ...
Wright, R. (2023). So what if ChatGPT wrote it? Multidisciplinary perspectives on opportunities, challenges and implications
of generative conversational Al for research, practice and policy. International Journal of Information Management, 71, 102642.
[CrossRef]

Elshaer, I. A., Salem, M. A., & Alqudah, M. (2025). Responsible artificial intelligence behaviour and educational outcomes in higher
education environments. Sustainability, 17(3), 1105. [CrossRef]

Evans, J. S. B. T., & Stanovich, K. E. (2013). Dual-process theories of higher cognition: Advancing the debate. Perspectives on Psychological
Science, 8(3), 223-241. [CrossRef] [PubMed]

Falebita, O., Adebayo, T., & Kareem, M. (2025). Perceived strategic value of artificial intelligence systems in educational organisations.
Technology in Society, 79, 102617. [CrossRef]

https://doi.org/10.3390/educscil6071173


https://doi.org/10.3390/bioengineering12101095
https://www.ncbi.nlm.nih.gov/pubmed/41155094
https://doi.org/10.1037/0033-295X.84.2.191
https://www.ncbi.nlm.nih.gov/pubmed/847061
https://doi.org/10.1016/j.caeai.2023.100131
https://doi.org/10.1007/s10869-012-9259-4
https://doi.org/10.1007/s11423-025-10452-1
https://doi.org/10.2307/249008
https://www.ncbi.nlm.nih.gov/pubmed/23455082
https://doi.org/10.1287/orsc.5.2.121
https://doi.org/10.1016/j.ijinfomgt.2023.102642
https://doi.org/10.3390/su17031105
https://doi.org/10.1177/1745691612460685
https://www.ncbi.nlm.nih.gov/pubmed/26172965
https://doi.org/10.1016/j.techsoc.2025.102617
https://doi.org/10.3390/educsci16071173

Educ. Sci. 2026, 16, 1173 29 of 29

Floridi, L. (2019). Establishing the rules for building trustworthy Al. Nature Machine Intelligence, 1(6), 261-262. [CrossRef]

Fullan, M. (2020). Leading in a culture of change (2nd ed.). Jossey-Bass.

Grani¢, A. (2025). Emerging drivers of adoption of generative Al technology in education: A review. Applied Sciences, 15(13), 6968.
[CrossRef]

Henseler, J., Hubona, G., & Ray, P. A. (2016). Using PLS path modeling in new technology research: Updated guidelines. Industrial
Management & Data Systems, 116(1), 2-20. [CrossRef]

Kabashkin, I. (2025). Al-based digital twins of students: A new paradigm for competency-oriented learning transformation. Information,
16, 846. [CrossRef]

Kock, N. (2015). Common method bias in PLS-SEM: A full collinearity assessment approach. International Journal of e-Collaboration,
11(4), 1-10. [CrossRef]

Kock, N., & Hadaya, P. (2018). Minimum sample size estimation in PLS-SEM: The inverse square root and gamma-exponential methods.
Information Systems Journal, 28(1), 227-261. [CrossRef]

Kumar, R. (2024). Ethical governance and responsible artificial intelligence adoption in educational institutions. Al and Ethics,
4(2), 455-470. [CrossRef]

Nayak, P.,, Sharma, R., & Patel, V. (2026). Perceived usability and artificial intelligence adoption intention in digital learning environ-
ments. Interactive Learning Environments, 34(1), 88-104. [CrossRef]

Ng, D. T. K, Leung, J. K. L., & Chu, S. K. W. (2025). Artificial intelligence literacy and competency development in higher education.
Computers and Education: Artificial Intelligence, 5, 100176. [CrossRef]

Podsakoff, P. M., MacKenzie, S. B., Lee, J. Y., & Podsakoff, N. P. (2003). Common method biases in behavioural research: A critical
review of the literature and recommended remedies. Journal of Applied Psychology, 88(5), 879-903. [CrossRef] [PubMed]

Polydoros, G., Karyotaki, M., & Zervas, P. (2026). Ethical awareness and responsible Al behaviour in higher education. Education and
Information Technologies, 31(2), 1845-1867. [CrossRef]

Qi, L., Huang, W., & Zhang, Y. (2025). Al self-efficacy and technology engagement in Al-supported educational environments.
Computers in Human Behavior, 156, 108165. [CrossRef]

Qu, X,, Li, H., & Zhao, Y. (2024). Artificial intelligence utilisation and perceived academic outcomes in higher education. Education and
Information Technologies, 29(5), 6121-6140. [CrossRef]

Sabag-Ben Porat, C. (2025). Responsible Al integration and ethical governance in higher education institutions. AI & Society,
40(1), 145-159. [CrossRef]

Salem, M. A. (2026). Generational differences in Al adoption and organisational adaptation in higher education. Sustainability, 18(1), 205.
[CrossRef]

Salem, M. A., & Khalil, Z. A. (2026). Al self-efficacy and behavioural engagement in Al-enabled educational systems. Computers and
Education: Artificial Intelligence, 7, 100244. [CrossRef]

Sarstedt, M., Ringle, C. M., & Hair, J. F. (2022). Partial least squares structural equation modeling. In C. Homburg, M. Klarmann, & A.
Vomberg (Eds.), Handbook of market research (pp. 587-632). Springer. [CrossRef]

Shahzad, M., Khan, A., & Mahmood, S. (2025). Al-supported learning engagement and educational adaptation in higher education.
Computers and Education Open, 6, 100173. [CrossRef]

Tian, Y., Xu, H., & Mao, W. (2024). Artificial intelligence literacy and educational engagement in digital learning environments.
Education Sciences, 14(9), 1022. [CrossRef]

Van Staveren, M., & Miiller-Zimmermann, E. (2025). Generational technology adaptation and digital ethics in higher education. Higher
Education Policy, 38(1), 55-74. [CrossRef]

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User acceptance of information technology: Toward a unified view.
MIS Quarterly, 27(3), 425-478. [CrossRef]

Yordudom, T., Chantarasombat, C., & Kaewurai, W. (2026). Strategic perceptions of Al-enabled educational systems among university
professionals. Education and Information Technologies, 31(4), 4555-4577. [CrossRef]

Zhang, Y., Badulescu, D., & Bac, D. P. (2025). Digital competency and Al-enabled adaptation across generations in higher education.
Technology in Society, 80, 102711. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/educscil6071173


https://doi.org/10.1038/s42256-019-0055-y
https://doi.org/10.3390/app15136968
https://doi.org/10.1108/IMDS-09-2015-0382
https://doi.org/10.3390/info16100846
https://doi.org/10.4018/IJeC.2015100101
https://doi.org/10.1111/isj.12131
https://doi.org/10.1007/s43681-024-00311-8
https://doi.org/10.1080/10494820.2026.2154410
https://doi.org/10.1016/j.caeai.2024.100176
https://doi.org/10.1037/0021-9010.88.5.879
https://www.ncbi.nlm.nih.gov/pubmed/14516251
https://doi.org/10.1007/s10639-025-12644-1
https://doi.org/10.1016/j.chb.2025.108165
https://doi.org/10.1007/s10639-024-12244-7
https://doi.org/10.1007/s00146-024-01877-6
https://doi.org/10.3390/su18010205
https://doi.org/10.1016/j.caeai.2026.100244
https://doi.org/10.1007/978-3-319-05542-8_15-2
https://doi.org/10.1016/j.caeo.2025.100173
https://doi.org/10.3390/educsci14091022
https://doi.org/10.1057/s41307-024-00344-y
https://doi.org/10.2307/30036540
https://doi.org/10.1007/s10639-026-13015-z
https://doi.org/10.1016/j.techsoc.2025.102711
https://doi.org/10.3390/educsci16071173

	Introduction 
	Literature Review 
	AI Competency Capability and AI Adoption in Higher Education 
	Generational Differences in AI Adoption 

	Methods and Materials 
	Population and Research Sample 
	Data Collection and Measurement Instrument 

	Results 
	Discussion 
	Conclusions 
	Literature Contributions (Theoretical and Practical) 
	Opportunities, Limitations, and Future Research 
	GADCAF 
	Appendix A
	References

