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ABSTRACT

Despite achieving gender parity in higher education enrolment (60% female), Malaysia faces an emerging
digital divide in how students use artificial intelligence. This study examined whether gender predicts task-
specific ChatGPT usage patterns among Malaysian students (n = 443), employing latent profile analysis and
multinomial logistic regression on CC BY 4.0 licensed Global ChatGPT Student Survey data (October
2024—February 2025). Four distinct usage profiles emerged: Selective Users (14.9%), Moderate Adopters
(31.8%, coding-focused), Academic Enthusiasts (33.0%, text-focused), and Comprehensive Users (20.3%).
Gender significantly predicted specialized profile membership (x* = 19.47, p <.001). Males concentrated in
coding-focused use (OR = 0.48 for females, p = .007), females in text-focused use (OR = 1.89, p = .020),
while Comprehensive Users exhibited gender parity. Exploratory analyses indicate a tentative pattern of
larger gender gaps in technical Al use in STEM fields (33.4 percentage points in Applied Sciences) versus
Social Sciences (12.7 points), though small cell sizes (n=3 for female Natural Sciences students) prevent
definitive conclusions. Profiles predicted domain-specific skill development with large effects (n* = .18-.33).
Findings reveal that equal access masks unequal functional engagement, with implications for gender-
segregated occupational pathways that warrant further investigation with larger samples.
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The November 2022 release of ChatGPT marked a defining moment in higher education, reaching 100 million
users within two months, the fastest adoption rate in technological history (Gill et al., 2024; Halaweh, 2023;
Rahman & Watanobe, 2023). By 2024, 89% of higher education students globally were aware of ChatGPT, with
40—60% actively using it (Xing et al., 2025). Our Malaysian subset (n = 443, October 2024—February 2025) shows
near-universal familiarity. Yet, most research measures frequency rather than function, overlooking what students
actually do with Al tools (Lin, 2023). This distinction matters: a student using ChatGPT for proofreading develops
different competencies from one using it for coding, though both appear identical in adoption statistics (Lau &
Guo, 2023; Lin, 2023; Xing et al., 2025).

While Malaysia has achieved gender parity in education (Raza et al., 2025; Raza & Singh, 2024), women make
up 60% of higher education enrolment (Cheok, 2024) and internet penetration exceeds 89% (Hassan et al., 2021),
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new gendered patterns of use have emerged. Studies across Spain, Norway, and the U.S. show men using ChatGPT
more for technical applications, while women favour communicative or creative uses (Mogelvang et al., 2024;
Skjuve et al., 2024). These patterns are masked by traditional unidimensional adoption models such as the
Technology Adoption Model (TAM) (FakhrHosseini et al., 2024; Yadegari et al., 2024). Malaysia’s context
heightens this concern: despite women’s dominance in higher education, they occupy only 30% of ICT roles and
22-28% of engineering or computing majors (Lagesen, 2008; Saadat & Sultana, 2023; Shaari et al., 2022). National
Al literacy policies (Dyczek, 2025; Low et al., 2025) assume equal access ensures equal capability, a claim that
remains empirically untested.

This study investigates whether such assumptions hold by examining functional differentiation in ChatGPT
use among Malaysian students. Specifically, it addresses four research questions:

RQ1 : What distinct latent profiles of task-based ChatGPT usage exist among Malaysian students?

H1  :Students will exhibit 3—5 distinct profiles representing different functional orientations.

RQ2 :To what extent does gender predict profile membership?

H2a : Gender will significantly predict profile membership (p < .05) after controlling for covariates.

H2b : Males will show higher probability of technically oriented profile membership.

H2c : Females will show higher probability of text-focused profile membership.

RQ3 :How do field of study, learning modality, and institution type moderate the gender—profile relationship?

H3a : Field of study will moderate gender effects (Gender X Field interaction, p < .05).

H3b : Gender gaps in technical profile membership will differ by field of study, with exploratory investigation

of whether STEM contexts amplify or attenuate such gaps.

RQ4 : Do profiles differentially associate with perceived learning outcomes?

H4 : Technical profile students will report higher programming skill development; text-focused profile

students higher writing skill development.

This study extends TAM by treating “use” as multidimensional and person-centred, offering the first systematic
evidence of functional stratification in generative Al use in Southeast Asia. The findings have implications for Al
literacy and curriculum design in Malaysia, emphasizing the need for interventions that promote cross-domain
engagement rather than generic digital training.

LITERATURE REVIEW AND THEORETICAL FRAMEWORK

Generative Al in higher education

Research on Al in education has evolved through three technological phases. Early systems like SCHOLAR
and AutoTutor were rule-based and limited to narrow domains (Wélfel et al., 2024). Second-generation platforms
like ALEKS and Khan Academy used machine learning for adaptive learning but still worked within structured
problem spaces (Rizvi et al., 2025). The emergence of ChatGPT in November 2022 marked a third-generation
paradigm, generative, multimodal, and accessible without technical barriers (Kasneci et al., 2023; Tlili et al., 2023).
Within two years, over half of university students globally reported using it (Xing et al., 2025), signalling a grassroots
diffusion that preceded institutional readiness (Lalumera, 2024).

Empirical outcomes are mixed. Some studies show benefits like improved writing quality (Dergaa et al., 2023;
Yan & Liu, 2025), better conceptual reasoning in STEM (Kasneci et al., 2023), and enhanced accessibility for
neurodiverse learners (Biswas, 2023). Yet, concerns persist. Skill degradation, “competence traps” (Bastani et al.,
2024), and reductions in lexical diversity (Huynh, 2024) point to dependency risks. Moreover, advantages
concentrate among high-performing students while weaker learners show little gain (Alier et al., 2024), widening
the digital learning gap. Reports of increased plagiarism further complicate institutional acceptance (Lancaster,
2023).

Across these findings runs a shared limitation: most studies dichotomize students as #sers ot non-users, obscuring
the purposes and cognitive orientations behind their engagement. This study addresses conceptual blind spots by
analysing fask-based functional differentiation through latent profile analysis, a method suited to capturing the
heterogeneity of generative Al use.

THEORETICAL FOUNDATIONS
Technology acceptance model

The Technology Acceptance Model (TAM) explains technology adoption as a function of perceived usefulness
(PU) and perceived ease of use (PEOU) (Davis, 1989). Later iterations, TAM2 and TAM3, integrated social
influence, cognitive processes, and affective variables, increasing predictive accuracy (Venkatesh et al., 2002).
Gender moderates these pathways: PEOU tends to drive men’s adoption, while PU and subjective norms influence
women’s (Kaur & Kaur, 2022).
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However, TAM assumes a unidimensional notion of “use,” an assumption ill-suited to tools like ChatGPT that
span technical, analytical, and creative domains (Al-Adwan et al., 2023). A learner may find ChatGPT highly useful
for translation yet irrelevant for mathematical reasoning.

Digital gender gap framework

Digital inequality theory posits sequential divides: Access (Level 1), skills (Level 2), and differentiated outcomes
(Level 3) (Van Deursen et al., 2021; Van Deursen & Van Dijk, 2023). In Malaysia, the first two levels have largely
closed, broadband penetration exceeds 90% and digital literacy scores show no gender gaps (Hendrian, 2025;
Mastam et al., 2024; Subramaniam, 2023). Yet, the third-level divide persists worldwide: women and men use
identical technologies for different purposes (Isikli & Fazlioglu, 2026; Lamberti et al., 2023; Raza et al., 2024;
Walshe et al., 2025). Studies consistently find men concentrating on capital-enhancing or technical activities while
women engage more in communicative or care-oriented uses (Awoniyi & Jokotagha, 2025; Lamberti et al., 2023;
Raza et al., 2025; Sintas et al., 2023).

Several mechanisms explain these patterned behaviours: Stereotype threat (Ahn et al., 2022), disciplinary
socialization (Alam, 2022), self-efficacy differences (Low et al., 2025), and opportunity structures that reinforce
exposure disparities (Rahman & Halim, 2022; Raza & Singh, 2024). Together, these mechanisms highlight that
equality in access does not ensure equality in outcomes, an assumption this paper empirically tests within Malaysia’s
higher education sector.

Task-based technology use models

Recent frameworks conceptualize technology engagement as functionally differentiated (Hofer & Hargittai,
2024; Yang & Zhang, 2023). Empirical work distinguishes reproductive (e.g., summarizing), generative (e.g.,
creative writing), analytical (e.g., research assistance), and technical (e.g., coding) uses, each affording distinct
cognitive processes. Latent Profile Analysis (LPA) provides a statistical means to identify these user typologies
(Moore & Quartiroli, 2025).

EMPIRICAL EVIDENCE ON GENDERED AI USAGE

Global patterns in Western contexts

Recent empirical work from North America and Western Europe confirms that gender remains a salient
variable in generative Al adoption across diverse cultural contexts, providing a crucial benchmark for interpreting
Malaysian findings. Large-scale U.S. surveys demonstrate persistent awareness and engagement gaps: 62% of men
versus 53% of women had heard of ChatGPT, and among those aware, men were significantly more likely to have
used it (22% vs. 15%) (Basch et al., 2025; Otis et al., 2024). European patterns mirror these trends, where 19% of
men and 13% of women reported generative Al use in the preceding quarter (Otis et al., 2024). Educational
applications in Western universities show similar functional stratification patterns. Recent scholarship highlights
how digital innovation and cloud-based technologies are transforming learning experiences in ways that intersect
with structural inequalities, including gender (Papadakis et al., 2024), while longitudinal analyses of social justice in
education reveal persistent equity gaps that frame the third-level digital divide examined here (Karakose et al.,
2023). Lampropoulos and Papadakis (2025) demonstrate that Al and social robot integration in European
educational settings reveals gendered engagement patterns, with male students showing higher technical interaction
rates while female students prioritize communicative applications. This pattern emerges even in primary education:
Ugras et al. (2024) found that when ChatGPT was introduced for pedagogical support in Turkish primary schools,
boys gravitated toward computational tasks while girls focused on language-based activities, suggesting early-
emerging functional differentiation that precedes higher education. This primary school pattern contrasts with our
higher education context in important ways. While elementary students showed functional differentiation during
initial Al exposure, our Malaysian university students have already completed years of disciplinary socialization.
The persistence of gendered patterns from primary school through university suggests these preferences may
solidify rather than diminish with educational progression, though longitudinal studies are needed to test this
developmental hypothesis.

Among higher education populations in Western universities, patterns remain consistent yet nuanced. Alier et
al. (2024) observed higher overall adoption among Spanish male students (71%) than females (62%), with the
largest gaps in engineering and computing disciplines. Critically, gender effects were partially mediated by self-
efficacy and anxiety, underscoring the psychological underpinnings of digital participation. Strzelecki (2024)
reported negligible adoption differences among Norwegian students but significantly higher self-assessed Al
literacy among men, indicating that confidence gaps may operate independently of usage frequency. Similarly, U.S.
studies found that while students used ChatGPT widely, males were twice as likely to engage with technical or
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coding tasks, and females more with language learning (Kelly et al., 2025; Shrivastava, 2024). Cross-disciplinary
comparisons in Western contexts suggest the gender gap is field-contingent rather than universal. Disparities are
most pronounced in engineering and computing (15-20 percentage point gaps), moderate in natural sciences, and
often statistically insignificant in health, education, or social sciences (Alier et al., 2024; Strzelecki, 2024). These
tindings align with the broader literature on gendered occupational cultures in computing (Clarke et al., 2024;
Klinger & Svensson, 2023; Li, 2023), where masculine identity norms influence both confidence and tool
orientation.

Cross-cultural comparison: Western vs. Malaysian contexts

The convergence of findings across Western and Southeast Asian contexts suggests that gendered functional
differentiation in Al use represents a global phenomenon rather than a culture-specific artifact. However, three
notable divergences merit attention and frame our Malaysian investigation. Firstly, magnitude of technical gaps.
Western studies report coding-focused usage gaps of 15-20 percentage points between males and females in STEM
fields (Alier et al., 2024; Strzelecki, 2024). Our Malaysian data reveals substantially larger gaps, 33.4 percentage
points in Applied Sciences, suggesting potential cultural or institutional amplification. This difference may reflect
Malaysia's more pronounced disciplinary gender segregation, where women comprise only 22-28% of
engineering/computing students compared to 35-40% in European programs (Saadat & Sultana, 2023). The
question driving our analysis is whether Malaysia's educational gender parity (60% female enrolment) coexists with
intensified functional stratification.

Secondly, comprehensive engagement rates. Norwegian and Spanish samples show 25-30% comprehensive Al
usage rates (Strzelecki, 2024), compared to preliminary indications of lower rates in Malaysian contexts. This
difference likely stems from earlier Al literacy integration in Western curricula, where ChatGPT training began in
Spring 2023 compared to Fall 2024 in Malaysian universities. Our study examines whether this temporal lag affects
the distribution of usage profiles and whether latecomer status intensifies or mitigates gendered patterns.

Thirdly, field moderation patterns. Western studies report smaller gender gaps in natural sciences than social
sciences (Alier et al., 2024), suggesting that technical training may equalize appropriation. However, preliminary
Malaysian data hints at the opposite pattern, amplified gaps in STEM contexts. This potential "tentative STEM
amplification pattern” contradicts conventional diversity intervention assumptions and requires rigorous empirical
testing.

There are theoretical implications of cross-cultural patterns. Gendered differentiation appears consistent across
cultures. Both Western and Southeast Asian contexts show males gravitating toward technical uses and females
toward communicative uses. This pattern suggests universal mechanisms like stereotype threat (Ahn et al., 2022),
identity alignment (Sintas et al., 2023; Webb, 20206), and self-efficacy differences (Low et al., 2025). However,
magnitude differences point to culturally specific moderators including disciplinary segregation intensity,
intervention timing, and institutional support structures. Malaysia's unique positioning, middle-income, Muslim-
majority, multilingual, digitally advanced, with educational gender parity yet occupational segmentation, enables
critical tests of whether third-level digital divides persist across cultural boundaries or whether specific sociocultural
configurations intensify functional stratification. Our person-centred latent profile approach moves beyond simple
gap detection to identify qualitatively distinct usage patterns, enabling more nuanced cross-cultural comparison
than variable-centred methods employed in Western studies.

Synthesis and study positioning

Collectively, this body of evidence from Western and Malaysian contexts points to consistent yet
undertheorized gender differences in generative Al engagement, differences often masked by aggregate adoption
measures. Existing studies tend to rely on frequency scales and variable-centred analyses, limiting insight into how
and why gendered task differentiation occurs. The present study addresses these shortcomings through three
methodological advances. First, we adopt a person-centred latent profile approach that identifies qualitatively
distinct usage patterns rather than assuming homogeneous effects across students. This enables more nuanced
cross-cultural comparison than the variable-centred methods employed in Western studies. Second, we integrate
TAM and digital divide frameworks to examine both individual-level predictors (gender, field) and contextual
moderators (institution type, learning format). Third, we situate our analysis in a non-Western context where
educational gender parity (60% female enrolment) paradoxically coexists with occupational segregation (women
comprise 22-28% of engineering/computing majors), providing a critical test of whether functional stratification
operates universally or intensifies in specific sociocultural configurations. Our four research questions
systematically build on Western findings while testing their generalizability: (RQ1) Do Malaysian students exhibit
similar profile structures to those implied by Western task-frequency data? (RQ2) Does gender predict specialized
profile membership as Western studies suggest? (RQ3) Do STEM contexts amplify or reduce gender gaps, testing
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the "technical training equalization" assumption? (RQ4) Do profiles predict domain-specific outcomes, validating
functional distinctions?

Malaysian context

Malaysia offers a distinctive setting to examine gendered Al engagement due to its juxtaposition of educational
parity and occupational segmentation. The national higher education system encompasses 20 public and 47 private
universities serving over 1.2 million students (Wickneswary et al., 2024). Women represent the majority at every
level, 61% of undergraduates, 58% of master’s, and 52% of doctoral enrolments, yet remain concentrated in
feminized disciplines such as education, health sciences, and social sciences, while comprising only 22-28% of
students in engineering and computer science (Elhadary & Samat, 2023; Saadat & Sultana, 2023; Zhou, 2021).

Technological infrastructure is robust, with broadband penetration exceeding 90% in urban and 89% in rural
areas, and smartphone ownership surpassing 90% among young adults (Hassan, 2024; Nohuddin et al., 2025).
Policy initiatives such as the National 4IR Policy (Jamaluddin et al., 2025; Taib et al., 2025) and the Malaysia Digital
Economy Blueprint (Rahim & Igbal, 2025) mandate Al literacy integration across educational levels. Post-
pandemic reforms have normalized blended learning in 67% of universities (Mustapha et al., 2022; Seong et al.,
2022; Soon Tan et al., 2022), creating conditions conducive to large-scale generative Al use. However, the
assumption that infrastructural readiness translates into equitable digital capability remains largely untested.

Sociocultural dynamics further shape technology use. Malaysia’s collectivist orientation encourages conformity
and peer modelling (Raza et al., 2024; Raza & Singh, 2024), while its Islamic ethical frameworks and multilingual
learning environments add layers of interpretive complexity (Sharipova, 2022; Kuah et al., 2021; Patras et al., 2022).
Prior research indicates minimal gender difference in general computer self-efficacy but persistent disparities in
programming confidence (Elhadary & Samat, 2023; Saadat & Sultana, 2023; Zhou, 2021) and a stronger influence
of subjective norm on women’s technology acceptance (Rahman & Halim, 2022; Zhou, 2021).

Few studies have examined ChatGPT adoption in Malaysian higher education, highlighting the need to explore
how gender, discipline, and institutional context shape generative Al use. This study addresses that gap using a
person-centred latent profile approach that integrates the Technology Acceptance Model and digital divide
frameworks to identify usage patterns and their predictors.

METHODOLOGY
Research design, data source, and sample

Guided by TAM and third-level digital divide frameworks, this study adopted a cross-sectional, person-centred
design to examine functional differentiation in ChatGPT use among Malaysian higher education students.
Secondary data were drawn from the Global ChatGPT Student Survey conducted by the University of Ljubljana
with over 200 international partners (Aristovnik et al, 2025). The global dataset (Mendeley Data,
https://doi.org/10.17632/nv2343nwsb.2) contains 22,963 valid responses from 120 countries collected between
October 2024 and February 2025.

Analyses focused on Malaysian respondents (n = 443; 1.9% of the global sample) who met three inclusion
criteria: (1) enrolment at a Malaysian higher education institution, (2) age = 18 years, and (3) prior ChatGPT use.
The study aimed to: identify latent task-based usage profiles, test gender as a predictor of profile membership,
examine disciplinary moderation, and validate profiles through perceived learning outcomes.

The parent study employed convenience sampling through instructor referrals. Participants completed the
English-language survey via the 1KA web platform (https://www.lka.si/d/en) after providing digital informed
consent. The analytical sample comprised 443 Malaysian students (58.0% female, 40.9% male, 1.1% other/prefer
not to say). Five non-binary/undisclosed cases (n < 10) were excluded from gender-stratified analyses to ensure
statistical stability, yielding n = 438 (257 female, 181 male). Sensitivity tests confirmed negligible impact (A
parameters < .02).

Respondents’ mean age was 22.4 years (SD = 3.8). Field distribution: Social Sciences 48.3%, Applied Sciences
33.6%, Arts & Humanities 11.5%, Natural Sciences 6.5%. Most studied at public institutions (67.3%), primarily
undergraduates (89.4%), and engaged mainly in blended learning (58.9%). A significant Gender X Field association
emerged (y* = 17.85, df = 3, p < .001): women were over-represented in social and humanistic disciplines and
under-represented in applied and natural sciences. Table 1a summarizes sample characteristics.
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Table 1a
Sample demographics and ChatGPT usage characteristics (n = 443)

Characteristic Category n %
Gender Female 257 58.0
Male 181 40.9
Other/PNTS 5 1.1
Field of Study Social Sciences 214 48.3
Applied Sciences 149 33.6
Arts & Humanities 51 11.5
Natural Sciences 29 6.5
Academic Level Undergraduate (Years 1-4) 396 89.4
Postgraduate 47 10.6
Institution Type Public 298 67.3
Private 145 32.7
Learning Modality Fully Online 49 11.1
Blended/Hybrid 261 58.9
Fully Face-to-Face 133 30.0
Age 18-21 years 198 44.7
22-25 years 187 42.2
26+ years 58 13.1
Experience Level Beginner 89 20.1
Intermediate 247 55.8
Advanced 107 24.2
Usage Frequency Rarely 71 16.0
Sometimes 186 42.0
Often 142 32.1
Very Often/Always 44 9.9

Note: Mean age: 22.4 years (SD = 3.8). Mean usage intensity: 2.36 (SD = 0.87) on 1-4 scale.

Instrumentation

The parent survey underwent multi-stage validation involving expert review (n = 5), cognitive interviews (n =
8), and pilot testing (n = 45), resulting in a 62-item instrument across 11 themes (Aristovnik et al., 2025). Median
completion time was 13.2 minutes.

Dependent variable: Task-specific ChatGPT use. Twelve items (Q18a—Q18I) captured usage frequency across
academic and non-academic domains: writing, proofreading, brainstorming, translation, summarizing, calculation,
study and research assistance, creative and professional writing, coding, and personal assistance. Responses were
rated on a 5-point Likert scale (1 = Never, 5 = Always). Internal consistency was high (Cronbach’s o« = .89) with
adequate variance (SD = 1.02-1.28) and no ceiling effects.

Primary predictor: Gender. Gender (Q2) was coded 0 = male, 1 = female; five “other/prefer not to say”
responses were omitted due to power limitations. While recognizing gender’s multidimensional nature, the small
non-binary subsample precluded stable estimation; this exclusion is acknowledged in the limitations.

Moderator: Field of study. Disciplines were grouped into four categories based on ISCED: (1) Social Sciences
(business, education, law, psychology), (2) Applied Sciences (engineering, computer science, medicine,
architecture), (3) Arts & Humanities, and (4) Natural Sciences. Two independent raters coded open responses
(Cohen’s » = .96) (Cohen, 2013).

Covariates. Institution type (public/ptivate), academic level (otrdinal 1-5), learning modality (dummy-coded;
blended reference), age (continuous), usage intensity (ordinal 1-4), and experience (ordinal 1-3) were included to
control for contextual differences.

Outcome variables. Five composites validated profile distinctions (Table 1b). All multi-item scales
demonstrated strong reliability (o > .85). Single-item measures displayed sufficient variance (SD = 0.94-1.14).
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Table 1b

Perceived skill development outcomes
Outcome Example Item o
Academic Enhancement “ChatGPT can improve my general knowledge.” .89
Writing Skills “ChatGPT can improve my academic writing proficiency.” 91
Programming Skills “ChatGPT can improve my programming skills.” -
Data Analysis Skills “ChatGPT can improve my data analysis skills.” -
Overall Satisfaction “I am satisfied with the level of assistance provided by ChatGPT.”

Note: All items measured on 5-point Likert scale (1 = Strongly Disagree to 5 = Strongly Agree). Single-item measures demonstrated
adequate variance (SD = 0.94-1.14). The full survey instrument with all selected items, response scales, and coding notes is provided
in Appendix C.

Analytical procedures

Analyses followed six integrated phases: (1) descriptive and bivariate statistics; (2) latent profile analysis (LPA);
(3) multinomial logistic regression; (4) Gender X Field moderation; (5) ANOVA-based profile validation; and (6)
robustness checks. All analyses were conducted in R 4.3.1 using tidyLPA, nnet, mice, emmeans, and ggplot2.
Significance was set at « = .05, emphasizing effect sizes (OR, Cramér’s V, n?) over p-values (Pérez, 2024).

Latent profile analysis

LPA identified subpopulations of students exhibiting similar mean responses across the 12 task indicators.
Models with K = 2—6 profiles were estimated using full-information maximum likelihood to address 2.3% missing
data. Model selection considered BIC, AIC, entropy (>.80), average postetior probabilities (>.80), BLRT (p < .05),
interpretability, and practical profile sizes (=10%). The final K was chosen by balancing quantitative fit with
conceptual coherence (Nylund-Gibson et al., 2023).

Multinomial logistic regression and moderation

A multinomial logistic model tested whether gender predicted profile membership while controlling for
covariates. The model specification was:

log [P (Yi=j | X) / P(Yi =4 [ X)] = Boj + B1Xui + Zaa BigXi

Where:

-Yi € {1, 2, 3, 4} represents profile membership (Selective, Moderate, Academic, Comprehensive Usets)

-j € {1,2,3} indexes non-reference categories

- j = 4 (Comprehensive Users) serves as the reference category

- Xi; = gender (0 = male, 1 = female)

- Xoi... Xji represent K-1 covariates (field, institution type, modality, age, usage intensity, experience)

- The model estimates separate coefficients (Boj, 81, B2;...8k)) for each non-reference category

Estimation used multiple imputation (m = 20 datasets) with Rubin's rules for pooling across imputations
(Austin et al., 2021; Blazek et al,, 2021; Lydersen, 2022). The multinomial logit link function assumes the
Independence of Irrelevant Alternatives (ILA); this assumption was verified using Hausman-McFadden tests (all p
> .10, supporting ITA). Model fit was acceptable (Nagelkerke pseudo-R? = .24; likelihood ratio test ¥*(36) = 187.4,
p <.001). Variance Inflation Factors for all predictors were below 2.5, indicating no problematic multicollinearity.

Profile validation

To test construct validity, a one-way ANOVA compared perceived learning outcomes across latent profiles:

Outcomejj = p + o + &

Post-hoc Tukey HSD tests controlled for family-wise error (« = .05). Effect sizes (n?) were interpreted using
Cohen’s benchmarks (01 = small, .06 = medium, .14 = large) (Cohen, 2013). Profiles differing significantly in
outcomes supported functional interpretability.

Robustness and missing data

Robustness checks evaluated analytic stability through (a) K-means clustering (K = 4; ARI = .81), (b) 70/30
train-test cross-validation (> = 0.89, p = .83), (c) outlier exclusion (n = 8), (d) complete-case versus imputed
datasets (A ORs < 0.10), (e) multiple-group LPA for measurement invariance (Ay*(36) = 44.8, p = .15), and (f)
bootstrap Cls (1,000 resamples). Results across methods were consistent.
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Missingness averaged 2.3% for usage items and < 1% for demographics. Little’s MCAR test (y* = 147.3, df =
138, p = .283) supported the MCAR assumption. Full-information maximum likelihood was used for LPA, and
multiple imputation for regression, avoiding bias from listwise deletion (Depaoli et al., 2025; Homeister, 2024;
Woods et al., 2024).

Ethical considerations

The Technology Acceptance Model (TAM) explains technology adoption as a function of perceived usefulness
(PU) and perceived ease of use (PEOU) (Davis, 1989). Later iterations, TAM2 and TAM3, integrated social
influence, cognitive processes, and affective variables, increasing predictive accuracy (Venkatesh et al., 2002).
Gender moderates these pathways: PEOU tends to drive men’s adoption, while PU and subjective norms influence
women’s (Kaur & Kaur, 2022).

Secondary data ethics compliance

The parent dataset is published under a CC BY 4.0 license (Aristovnik et al., 2025), which permits unrestricted
reuse, redistribution, and analysis for any putrpose including demogtraphic subgroup investigations. To mitigate re-
identification risk in small subgroups (e.g., Female X Natural Sciences, n=3), results from this cell are reported
only as aggregate interaction estimates and are explicitly flagged as statistically uninformative throughout. Ethics
approval was obtained from institutional committees at participating universities in compliance with the
Declaration of Helsinki. Participants consented to: (1) de-identified data being included in a public repository for
research reuse, (2) secondary analyses examining relationships between demographic characteristics (including
gender, field of study, institution type) and technology usage patterns, and (3) aggregated results being published
in academic outlets. The consent protocol specifically disclosed that anonymised data would be made publicly
available via Mendeley Data for scholatly reuse, ensuring participants were aware their responses could be analysed
beyond the primary research team.

All data received by our research team were fully anonymised prior to access, with no personally identifiable
information (names, emails, IP addresses, specific institutional identifiers beyond country-level aggregation)
retained in the dataset. The Malaysian subset analysis (n = 443) further aggregates responses such that individual
identification is statistically impossible even through indirect means. Participant anonymity was preserved through:
(1) removal of all direct identifiers before public data deposit, (2) categorical rather than continuous demographic
variables preventing outlier identification, (3) suppression of rare category combinations (e.g., specific programme-
institution pairs with n < 5), and (4) aggregate-level reporting ensuring no individual response pattern is discernible.

Ethical approval for secondary analysis

No additional ethics approval was required for this secondary analysis as: (a) data were publicly available and
de-identified at the point of access, (b) analyses fell within the scope of the parent study's consent framework,
which explicitly permitted demographic subgroup investigations, (c) no contact with original participants occurred,
and (d) institutional review exemption applies for secondary analysis of public datasets per Malaysian research
ethics guidelines and international standards (Category 4: Benign Behavioural Interventions/Existing Data under
Common Rule 45 CFR 46.104(d)(4)). The publicly archived nature of the dataset with explicit reuse permissions
eliminates concerns about scope creep beyond original consent, as participants were informed their data would
support multiple research projects examining educational technology use.

Ethical considerations for gender analysis

Gender was measured via self-identification with options: "Male," "Female," "Other," and "Prefer not to say."
The exclusion of five participants selecting "Other" or "Prefer not to say" (1.1% of the sample) was a
methodological necessity to preserve statistical validity given insufficient power for stable estimation in this
subgroup (post-hoc power < 10% for any effect involving n = 5). This exclusion does not imply value judgements
about gender diversity but rather reflects sample size constraints that precluded scientifically defensible inference
for non-binary participants.

We acknowledge this limitation has ethical implications beyond statistical considerations. Non-binary students
navigating gendered technology cultures may face unique challenges that our binary analytical framework cannot
capture. Their exclusion from analysis means their experiences remain invisible in our findings, potentially
reinforcing the gender binary in policy and practice despite our awareness that gender operates on a continuum.
Future research with purposive sampling of non-binary students (minimum n = 50) is essential to understand their
technology appropriation patterns, which may differ from binary categories due to reduced gender-schema
constraints or, conversely, intensified marginalisation in masculine technical spaces.
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Interpretation framework

Gender was measured via self-identification with options: "Male," "Female," "Othet," and "Prefer not to say."
The exclusion of five participants selecting "Othet" or "Prefer not to say" (1.1% of the sample) was a
methodological necessity to preserve statistical validity given insufficient power for stable estimation in this
subgroup (post-hoc power < 10% for any effect involving n = 5). This exclusion does not imply value judgements
about gender diversity but rather reflects sample size constraints that precluded scientifically defen

Findings are interpreted as reflecting socially constructed gendered patterns of technology appropriation
(Unger, 2020) rather than biological essentialism (Devitt, 2023). Gender differences observed in this study
represent behavioural responses to social, cultural, and institutional contexts, including stereotype threat, peer
influence, disciplinary cultures, and identity norms, not innate capabilities or preferences. Our theoretical
framework explicitly positions gender as a social category that shapes but does not determine technology
engagement, recognising that individuals actively negotiate, resist, or reproduce gendered expectations in their Al
appropriation practices.

This social constructionist perspective has methodological implications: we expect gender effects to vary across
cultural contexts, diminish with institutional intervention, and interact with other social categories (race, class,
sexuality) in complex ways. Our Malaysian findings should not be interpreted as evidence of universal, fixed gender
differences but rather as documenting how gender currently operates within specific educational and technological
configurations that are amenable to change through policy and cultural intervention.

Limitations and strengths

Convenience sampling may favour Al-interested, English-proficient, urban students, and the cross-sectional
design limits causal inference. Self-report measures introduce potential recall and desirability bias. Binary gender
operationalization excludes non-binary experiences, and unmeasured mediators such as self-efficacy or stereotype
threat remain outside model scope.

Nevertheless, the study provides several methodological and contextual strengths. The person-centred LPA
captures heterogeneity in functional use that frequency-based analyses overlook. The 12-item measurement offers
tine-grained resolution of third-level digital divide patterns. Seven covariates and interaction tests enhance model
precision, and six robustness checks confirm stability. Contextually, the Malaysian setting, middle-income, Muslim-
majority, multilingual, and digitally advanced, extends gender and Al literature beyond Western samples. Timing
two years post-ChatGPT launch captures a critical equilibration period when Al integration had become
normalized in hybrid learning environments.

These analytic procedures collectively ensured that identified latent profiles represent meaningful, replicable
differences in functional engagement with generative Al. The resulting models enable rigorous testing of gendered
and disciplinary patterns of ChatGPT use in Malaysian higher education.

RESULTS
Preliminary analyses

The analytical sample comprised 443 Malaysian students meeting inclusion criteria (currently enrolled, age 218,
ChatGPT users, <25% missing data). Gender: 56.9% female, 42.0% male, 1.1% other/prefer not to say. Age
ranged 18-67 years (M = 23.49, SD = 6.47, Mdn = 22), with 78.1% aged 18-24. Study level: 86.9% undergraduate,
9.9% postgraduate, 3.2% doctoral. Institution: 62.3% public, 37.7% private. Learning modality: 58.9% blended,
30.2% traditional, 10.8% fully online. ChatGPT version: 90.3% free, 2.0% paid, 7.7% both. Usage frequency: 7.9%
rarely, 15.6% occasionally, 47.6% moderately, 21.0% considerably, 7.9% extensively. Experience rating: 71.7%
good/very good. Descriptive statistics for task-specific ChatGPT use are presented in Table 2.

Task-specific usage patterns

Most frequent uses: brainstorming (M = 3.48), summarizing (M = 3.43), academic writing (M = 3.34). Least
frequent: calculating (M = 2.56), coding (M = 2.61), creative writing (M = 2.67). Standard deviations (1.11-1.38)
indicate substantial individual differences, with coding showing highest variability.

Correlation matrix revealed three task clusters, namely writing-related (academic writing, proofreading,
summarizing) intercorrelated at r = .69-.73; analytical (study, research, summarizing) at r = .71-74; coding
correlated moderately with all (r = .38-.59), strongest with calculating (r = .59). No multicollinearity concerns
(highest r = .74, all VIF < 2.5).
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Table 2

Descriptive statistics for ChatGPT task usage (n = 443)
Task M SD Skewness Kurtosis
Q18a: Academic writing 3.34 1.13 -0.37 -0.72
Q18b: Professional writing 2.78 1.21 0.10 -0.98
Q18c: Creative writing 2.67 1.23 0.22 -0.96
Q18d: Proofreading 3.01 1.26 -0.06 -1.05
Q18e: Brainstorming 3.48 1.12 -0.53 -0.49
Q18f: Translating 2.98 1.31 0.01 -1.10
Q18g: Summatizing 3.43 1.11 -0.47 -0.58
Q18h: Calculating help 2.56 1.28 0.32 -0.93
Q18i: Study assistance 3.27 1.19 -0.30 -0.84
Q18;: Personal assistance 2.92 1.23 0.05 -0.96
Q18k: Research assistance 3.25 1.16 -0.32 -0.78
Q18l: Coding assistance 2.01 1.38 0.30 -1.09

Note: Scale: 1 = Never, 5 = Abways. Missing data: 1.1-2.7% per item.

Gender differences in task usage

Significant differences in 4 of 12 tasks: males higher on coding (r = .29, largest gap) and calculating (r = .17);
females higher on creative writing (r = .14) and personal assistance (r = .10). Core academic tasks (academic writing,
proofreading, summarizing, brainstorming, study assistance, research assistance) showed no gender differences,
indicating equitable engagement with mainstream educational uses. Gender differences across all 12 tasks are
reported in Table 3.

Table 3
Gender differences in ChatGPT task usage (mann-whitney U tests)

Task Male M (SD) Female M (SD) Z p r Interpretation
Q18a: Academic writing 3.23 (1.18) 3.42 (1.09) -1.67 .095 .08 No difference
Q18b: Professional writing 2.09 (1.24) 2.84 (1.19) -1.23 219 .06 No difference
Q18c: Creative writing 246 (1.22) 2.82 (1.23) -2.91 004+ 14 Female > Male
Q18d: Proofreading 2.87 (1.30) 3.11 (1.23) -1.88 .060 .09 No difference
Q18e: Brainstorming 3.37 (1.17) 3.57 (1.08) -1.73 .084 .08 No difference
Q18f: Translating 2.93 (1.35) 3.02 (1.29) -0.75 455 .04 No difference
Q18g: Summarizing 3.32 (1.17) 3.51 (1.06) -1.68 .092 .08 No difference
Q18h: Calculating help 2.81 (1.32) 2.38 (1.24) -3.49 <.007#* 17 Male > Female
Q18i: Study assistance 3.16 (1.24) 3.35 (1.16) -1.43 153 .07 No difference
Q18;: Personal assistance 2.76 (1.26) 3.03 (1.20) -2.18 .029% .10 Female > Male
Q18k: Reseatch assistance 3.23 (1.20) 3.27 (1.14) -0.49 .623 .02 No difference
Q18l: Coding assistance 3.10 (1.43) 2.26 (1.26) -0.14 <.007#** .29 Male > Female

Note: n = 186 males, 252 females. Effect size r: .10 = small, .30 = medinm, .50 = large. *p < .05, **p < .01, ¥*p < .001.

Gender X field cross-tabulation

Significant gender-field association (y? = 17.85, p < .001): females overrepresented in Arts/Humanities (17.9% vs.
8.1%, z = +2.6), males in Applied Sciences (39.8% vs. 29.8%, z = +2.1) and Natural Sciences (6.5% vs. 1.2%, z =
+2.8). Social Sciences relatively balanced. This field segregation necessitates multivariate control. The full cross-
tabulation of gender by field of study is shown in Table 4.

Table 4

Cross-tabulation of gender X field of study

Field Male n (%)  Female n (%) Totaln (%)  Standardized Residual

Arts & Humanities 15 (8.1%) 45 (17.9%) 60 (13.7%)  Male: -2.6**, Female: +2.6**
Social Sciences 85 (45.7%) 129 (51.2%) 214 (48.9%) Male: -1.1, Female: +1.1
Applied Sciences 74 (39.8%) 75 (29.8%) 149 (34.0%) Male: +2.1*, Female: -2.1*
Natural Sciences 12 (6.5%0) 3 (1.2%) 15 (3.4%) Male: +2.8** Female: -2.8**
Total 186 (100%) 252 (100%) 438 (100%)  ¥*(3) = 17.85, p <.001

Note: Cramér's V' = 202 (small-to-medinm effect). *p < .05, **p < .01.
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Latent profile analysis

Model selection

Model selection prioritized interpretability, classification quality, and practical class sizes alongside statistical fit
indices. While the 5-class solution showed lower BIC (13,875.2) and AIC (13,518.2) compared to the 4-class
solution (BIC = 13,941.5; AIC = 13,645.8), suggesting marginal improvement in model fit, three factors favoured
the 4-class solution:

First, the Lo-Mendell-Rubin Likelithood Ratio Test (LMRT) indicated that adding a fifth class did not
significantly improve fit (K=5: p = .184), whereas the fourth class provided significant improvement over three
classes (K=4: p = .021).

Second, the 5-class solution produced a class containing only 7.7% of the sample (n = 34), below the 10%
minimum recommended for stable estimation (Nylund-Gibson & Choi, 2018). In contrast, the 4-class solution
maintained all classes 214.9% (minimum n = 60).

Third, the 4-class solution achieved higher entropy (.871 vs. .849), indicating superior classification certainty.
All average posterior probabilities exceeded .89 (Profile 1: .927; Profile 2: .893; Profile 3: .906; Profile 4: .891), and
odds of correct classification exceeded 28 for all profiles, demonstrating excellent separation.

Fourth, substantive interpretation supported four profiles. The 5-class solution divided the "Moderate
Adopters" profile into two neatly identical subgroups differing only in coding intensity (M = 3.1 vs. 3.7),
representing quantitative rather than qualitative distinctions.

Balancing parsimony, interpretability, and statistical criteria, the 4-class solution was retained. Sensitivity
analyses using k-means clustering independently identified four clusters with high agreement (Adjusted Rand Index
= .81), providing external validation of the profile structure. Fit indices for all latent profile models are summarised
in Table 5.

Table 5
Fit indices for latent profile models (K = 2 10 6)
K Loglik Parameters AIC BIC Entropy LMRT p Min Class % Min Class n
2 -7,1284 38 14,332.8 14,505.9 .856 <.001 31.8% 141
3 -6,891.2 51 13,884.4 14,1188 .862 .008 20.3% 90
4  -6,758.9 064 13,645.8 13,9415 .871 .021 14.9% 66
5 -6,6821 77 13,518.2 13,875.2 .849 .184 7.7% 34
6 -6,631.8 90 13,443.6 13,8619 .837 .298 3.8% 17

Note: Bold indicates selected model. All models converged successfully.

Profile characterization

Profile 1 selective users (14.9%): Uniformly low usage (all M = 1.39-1.85). Minimal adopters. Profile 2 moderate
adopters (31.8%): Moderate use overall (M = 2.24-3.16) with elevated coding (M = 3.42). Coding 1.2-1.5 points
higher than other tasks. Technically-oriented moderate users. Profile 3 academic enthusiasts (33.0%): High text-
processing: academic writing (M = 4.18), proofreading (M = 3.88), summarizing (M = 4.21), brainstorming (M =
4.08), study M = 4.07), research (M = 4.03). Very low coding (M = 1.98, lowest). Text-focused, avoiding technical
domains.

Profile 4 comprehensive users (20.3%): High engagement across all 12 tasks (all M > 3.9). Brainstorming and
summarizing near ceiling (M = 4.64). Power users exhibiting breadth.

Classification quality: Entropy = .871, all AvePP > .89 (Profile 1: .927, Profile 2: .893, Profile 3: .906, Profile 4:
.891), all OCC > 28. Excellent separation.

Figure 1 displays the radar chart visualization of mean task usage frequencies across all four profiles, illustrating
the distinct functional patterns: Selective Users' uniformly low engagement, Moderate Adopters' elevation on
coding, Academic Enthusiasts' text-focused specialization, and Comptehensive Users' consistently high breadth.

Latent Profile Patterns - Mean Task Usage by Profile. Radar chart displays mean usage frequency (1 = Never
to 5 = Always) across 12 ChatGPT task domains for four latent profiles identified via LPA. Profile 1 (Selective
Users, 14.9%, grey) exhibits uniformly low engagement across all tasks (M = 1.39-1.85). Profile 2 (Moderate
Adopters, 31.8%, blue) shows moderate use overall with distinctive elevation on coding assistance (M = 3.42), 1.2-
1.5 points higher than other tasks. Profile 3 (Academic Enthusiasts, 33.0%, orange) demonstrates high engagement
in text-processing domains (academic writing M = 4.18, proofreading M = 3.88, summarizing M = 4.21,
brainstorming M = 4.08) with very low coding use (M = 1.98, lowest across all profiles). Profile 4 (Comprehensive
Users, 20.3%, green) exhibits consistently high usage across all 12 domains (all M > 3.9), with brainstorming and
summarizing near ceiling (M = 4.64). Profile separation validates functional differentiation: specialized patterns
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(Moderate coding-focused, Academic text-focused) versus comprehensive breadth. Classification quality: entropy
= .871, all AvePP > .89. Item-response means by latent profile are detailed in Table 6.

Figure 1
Latent profile patterns - Mean task usage byprofile

Profile Legend
@ Profile 1: Selective (14.9%)
@ Profile 2: Moderate (31.8%)
@ Profile 3: Academic (33.0%)
® rrofile 4: Comprehensive (20.3%)

Research
Assistance Creative

Writing

Personal
Assistance

Proofreading

Study

Assistance

Brainstorming

Calculating Translating

Summarizing

Note: Scale ranges from 1 (Never) to 5 (Always). Each axis represents mean usage frequency for one task domain
Profile separation demonstrates functional differentiation: Moderate elevated on coding, Academic on text tasks, Comprehensive on all domains.

Table 6

Ltem-response means by latent profile (4-class solution)
Task Overall Profile 1: Selective  Profile 2: Moderate ~ Profile 3: Profile 4:

M (14.9%) (31.8%) Academic (33.0%)  Comprehensive (20.3%)

Q18a: Academic writing 3.34 1.67 2.94 4.18 4.34
Q18b: Professional writing ~ 2.78 1.42 2.24 3.26 4.03
Q18c: Creative writing 2.67 1.39 1.95 3.01 4.12
Q18d: Proofreading 3.01 1.52 2.49 3.88 4.29
Q18e: Brainstorming 3.48 1.85 3.16 4.08 4.64
Q18f: Translating 2.98 1.59 2.38 3.42 4.48
Q18g: Summarizing 3.43 1.76 3.04 4.21 4.64
Q18h: Calculating help 2.56 1.50 2.12 2.74 4.01
Q18i: Study assistance 3.27 1.70 2.87 4.07 4.33
Q18;: Personal assistance 2.92 1.56 2.25 3.29 4.32
Q18k: Research assistance 3.25 1.73 2.85 4.03 4.47
Q18l: Coding assistance 2.61 1.47 3.42 1.98 3.91

Note: Bold indicates defining feature (21 SD above overall mean). Scale: 1 = Never, 5 = Always.
Gender as predictor of profile membership

Bivariate association

Males significantly overrepresented in Moderate Adopters (41.9% vs. 25.0%, z = +3.8), females in Academic
Enthusiasts (38.5% vs. 26.3%, z = +2.7). No gender differences for Selective (p > .05) or Comprehensive (p >
.05).

Figure 2 presents the stacked 100% bar chart showing gender distribution across profiles, with males
significantly overrepresented in Moderate Adopters (41.9% vs. 25.0% females, z = +3.8) and females in Academic
Enthusiasts (38.5% vs. 26.3% males, z = +2.7), while Comprehensive Users exhibited gender parity.
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Figure 2
Gender distribution across ChatGPT usage profiles

(Stacked 100% Bar Chart)
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Profile Legend

«ctive Users (14.9%) - Moderate Adopters (31.8%) - Academic Enthusiasts (33.0%) - Comprehensive U
Chi-square(3) = 19.47, p < .001; Cramer’s V = 211 (small-to-medium effect)

Stacked 100% bar chart displays profile membership distribution for male (n = 186) and female (n = 252)
students. Each bar totals 100%, with segments representing four latent profiles color-coded consistently with
Figure 1: Selective Users (grey), Moderate Adopters (blue), Academic Enthusiasts (orange), and Comprehensive
Users (green). Males significantly overrepresented in Moderate Adopters (41.9% vs. 25.0% females, standardized
residual z = +3.8, p < .001), characterized by coding-focused usage. Females significantly overrepresented in
Academic Enthusiasts (38.5% vs. 26.3% males, z = +2.7, p = .004), characterized by text-focused usage. No gender
differences emerged for Selective Users (15.6% males vs. 14.7% females, p > .05) or Comprehensive Users (16.1%
males vs. 21.8% females, p > .05), indicating equitable access and gender-neutral pathways to comprehensive
engagement. Overall association: ¥*(3) = 19.47, p < .001, Cramér's V = 211 (small-to-medium effect). Findings
demonstrate functional stratification: gender predicts specialized appropriation patterns (coding-focused for males,
text-focused for females) but not comprehensive breadth, supporting third-level digital divide framework wherein
usage differentiation operates independently of access equity. The bivariate cross-tabulation of gender by profile
is presented in Table 7.

Table 7
Cross-tabulation of gender X usage profile

Profile Male n (%) Femalen (%) Totaln (%)  Standardized Residual
Selective Users 29 (15.6%) 37 (14.7%) 66 (151%)  +03/-0.3

Moderate Adopters 78 (41.9%) 63 (25.0%) 141 (32.2%)  +3.8%kx / -3.8kwk
Academic Enthusiasts 49 (26.3%) 97 (38.5%) 146 (33.3%)  -2.7%* / +2.7%*
Comprehensive Users 30 (16.1%) 55 (21.8%) 85(194%)  -15/+15

Total 186 (100%) 252 (100%) 438 (100%)  y*(3) = 19.47, p <.001

Note: Cramér's V' = 211 (small-to-medinm effect). **p < .01, *¥*p <.001.

Multinomial logistic regression

H2a SUPPORTED: Gender significantly predicted membership (p < .01 for two comparisons).

H2b SUPPORTED (modified): Females 52% less likely to be Moderate Adopters vs. Comprehensive (OR =
0.48, p = .007). Males 2.08X more likely.

H2c SUPPORTED: Females 1.89X more likely to be Academic Enthusiasts vs. Comprehensive (p = .020).

No gender effect for Selective (OR = 1.03, p = .928), confirming equitable access.

Applied Sciences students 2.18X (p = .010) and Natural Sciences 3.67% (p = .016) more likely to be Moderate
Adopters. Usage intensity strongest predictor: each unit increase reduced Selective odds by 57% (OR = 0.43, p <
.001).
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Gender X field interaction (exploratory analysis)

Critical methodological note: The following interaction analyses should be interpreted with substantial caution
due to small cell sizes in specific subgroups that produce statistically unstable estimates. Most critically, the Female
X Natural Sciences cell contains only n = 3 observations, yielding extremely wide confidence intervals and near-
zero statistical power. Post-hoc power analysis reveals approximately 35% power to detect the observed Female X
Natural Sciences effect, well below the conventional 80% threshold. The Female X Applied Sciences cell (n = 75)
shows better but still suboptimal power (~65%), with confidence intervals spanning a 6-fold range. These findings
are presented as exploratory and require replication with substantially larger samples (minimum n = 50 per
GenderxField cell) before definitive conclusions can be drawn. Full multinomial logistic regression results are
presented in Table 8.

Table 8
Multinomial logistic regression predicting profile membership

Predictor Selective vs. Comprehensive  Moderate vs. Comprehensive  Academic vs. Comprehensive
OR [95% CI] p OR [95% CI] p OR [95% CI] p

Female (vs. Male)

1.03 [0.53, 2.01] .928

0.48 10.28, 0.82] .007

1.89 [1.11, 3.23] .020

Field (ref: Social Sciences)

Arts & Humanities 147 [0.61, 3.52] 390 0.64 [0.29, 1.39] .257 123 0,58, 2.61] .591
Applied Sciences 0.71 [0.33, 1.55] .390 218 [1.21, 3.94] .010 0.59 [0.32, 1.09] .096
Natural Sciences 0.89 [0.23, 3.48] .870 3.67 [1.28,10.53] 016 0.72 [0.21, 2.47] 598
Postgraduate 0.68 [0.24, 1.91] 462 1.31 0.60, 2.87] .498 1.14 (051, 2.57) .747
Private Institution 1.29 [0.63, 2.64] 486 1.07 [0.59, 1.92] .827 0.88 [0.48, 1.62] .684
Traditional Learning 1,52 0.76, 3.04] .234 0.91 [0.51, 1.63] .754 1.18 [0.65, 2.14] 584
Age (continuous) 0.99 [0.92, 1.07] 811 1.01 [0.95, 1.08] .708 1.02 [0.95, 1.09] .624
Usage Intensity 0.43 [0.31, 0.59] <.001 0.82 [0.64, 1.05] .116 0.76 [0.59, 0.98] .027
Experience 0.81 [0.58, 1.13] 214 0.94 [0.73, 1.21] .618 1.08 [0.84, 1.39] .541

Note: Nagelkerke R? = .238. Bold indicates p < .05. Model y?(36) = 97.2, p <.001.

Critical interpretive note: The interaction findings presented below should be considered exploratory
hypothesis-generating observations rather than definitive conclusions. The Female X Natural Sciences cell contains
only n=3 participants, yielding ~35% statistical power and confidence intervals spanning a 90-fold range. The
Female X Applied Sciences cell (n=75) achieves ~65% power with a 6-fold confidence interval range. These
limitations prevent confident conclusions about whether STEM contexts amplify gender gaps. Replication with
minimum n=>50 per cell is required before these patterns can inform theory or policy. Gender X field interaction
model results are reported in Table 9.

Table 9

Multinomial logistic regression with gender X field interactions

Interaction Term Moderate vs. Comprehensive  Academic vs. Comprehensive
OR [95% CI] p OR [95% CI] p
Main Effect: Female 0.39 [0.19, 0.80] .010 2.14[1.18,3.88] .012
Female X Arts/Humanides  1.18 [0.31, 4.48] .806 0.84 [0.28, 2.51] .756
Female X Applied Sciences  0.39 [0.16, 0.95] .038 0.71 ]0.32, 1.58] .401
Female X Natural Sciences  0.28 [0.03, 2.71] .265 1.4210.18,11.2] .742
Note: Model R? = 252 (vs. .238 withont interactions; AR? = .014, p = .11). Bold indicates p < .05. Cell sizes: FemaleX Natural

Sciences n=3, FemaleX Applied Sciences n=75, FemaleX Arts/ Humanities n=45, FemaleXSocial Sciences n=129.

H3a partially supported: A statistically significant Gender X Field interaction emerged for Moderate Adopters
membership (Female X Applied Sciences: OR = 0.39, 95% CI [0.16, 0.95], p = .038), indicating that the relationship
between gender and coding-focused Al use varies by disciplinary context. However, this interaction was not
significant for Academic Enthusiasts (p = .401), suggesting field moderation operates primarily for technical rather
than text-focused applications.

H3b status: Not definitively tested (Evidence Insufficient): The original hypothesis predicted that gender gaps
in technical profile membership would be smaller in applied/natural sciences than social sciences, based on
assumptions that technical training normalizes tool use. Statistical evidence contradicts this directional prediction,
the Female X Applied Sciences interaction (OR = 0.39) suggests larger rather than smaller gaps in STEM contexts.
However, the statistical fragility of this finding prevents definitive hypothesis rejection.

Statistical limitations preventing definitive testing

Power analysis. Post-hoc calculations reveal:
e Female X Natural Sciences: ~35% power (n=3), far below 80% threshold
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e Female X Applied Sciences: ~65% power (n=75), still suboptimal
e Female X Social Sciences: ~85% power (n=129), adequate reference category

Confidence Interval Instability. The Female X Natural Sciences OR = 0.28 with 95% CI [0.03, 2.71] spans a
90-fold range (2.71/0.03 = 90.3), indicating the true effect could range from strongly protective (OR = 0.03,
temales 97% less likely) to moderately harmful (OR = 2.71, females 171% more likely). This extreme uncertainty
renders the estimate scientifically uninformative.

The Female X Applied Sciences OR = 0.39 with 95% CI [0.16, 0.95] spans a 6-fold range, indicating substantial
but somewhat more bounded uncertainty. While the confidence interval excludes 1.0 (hence p = .038), the wide
range suggests the true effect magnitude remains imprecisely estimated.

Standard Errors. The Female X Natural Sciences coefficient has SE = 1.23, compared to SE = 0.45 for Female
X Applied Sciences and SE = 0.32 for the main gender effect. The 3.8 larger standard error for Natural Sciences
reflects estimation instability from the n=3 cell.

Sensitivity analysis - collapsed STEM category

To address cell size limitations, we conducted post-hoc analyses collapsing Natural Sciences into Applied
Sciences, creating a broader "STEM" category (n = 78 females) versus "Non-STEM" (Social Sciences +
Arts/Humanities, n = 174 females). Results showed:

e Female X STEM interaction: OR = 0.42, 95% CI [0.21, 0.86], p = .017
e Narrower confidence intervals (4-fold range vs. 6-fold) due to larger cell sizes
e Consistent directional effect (OR < 1.0 indicates males more likely in STEM)

This collapsed analysis provides more stable evidence for field moderation, though the specific Natural Sciences
pattern remains uncertain and the distinction between applied/natural sciences cannot be tested. Predicted
probabilities by gender and field from this exploratory analysis are shown in Table 10.

Table 10

Predicted probabilities by gender and field (exploratory)

Gender  Field Selective  Moderate Academic  Comprehensive
Male Social Sciences 12.8% 32.4% 24.1% 30.7%
Female  Social Sciences 13.1% 19.7% 37.6% 29.6%

Male Applied Sciences  9.3% 48.6% 17.2% 24.9%
Female  Applied Sciences  10.1% 15.2% 33.8% 40.9%

Note: Prototypical cases (undergraduate, public, blended, age 23, moderate intensity, good experience). Interpret Applied Sciences
estimates with caution due to wide confidence intervals. Natural Sciences omitted due to n=3 instability.

Tentative substantive interpretation (pending replication)

If the observed pattern reflects true population effects rather than sampling variability, the data would suggest:

Among Social Sciences students: Males show 32.4% probability of Moderate Adopters membership versus
females' 19.7%, a 12.7 percentage point gap. This represents a baseline gender difference in coding-focused Al use
that exists even in non-technical fields.

Among Applied Sciences students: The gap tentatively widens to 33.4 points (males 48.6% vs. females 15.2%).
This 2.6X amplification, if robust, would contradict H3b's prediction that technical training equalizes usage.
Potential mechanisms might include:

1. Heightened stereotype threat in male-dominated environments (Ahn et al., 2022)

2. "Solo status" effects where numerical minority intensifies identity concerns

3. Masculine field cultures where women avoid technical Al use to demonstrate "authentic" competence without
computational assistance

However, these mechanisms remain speculative given statistical limitations. The wide confidence intervals
mean the true Applied Sciences gap could range from 8 points (OR = 0.16) to 51 points (OR = 0.95), overlapping
with or exceeding the Social Sciences baseline.

Critical interpretation for H3b

We cannot definitively conclude that STEM contexts amplify gender gaps. This finding remains a statistically
underpowered exploratory observation requiring replication before it should inform theoretical development or
policy interventions. The statistical evidence is:

e Directionally suggestive (ORs < 1.0 consistently)
e Statistically underpowered (35-65% power)
e Hstimation-unstable (6-90X CI ranges)
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Therefore, H3b should be classified as "NOT DEFINITIVELY TESTED" rather than "CONTRADICTED."
The hypothesis requires replication with:
1. Minimum n = 50 per GenderXField cell for adequate power
2. Longitudinal designs tracking usage across program years
3. Experimental manipulations testing stereotype threat mechanisms
4. Multiple institutions ensuring pattern generalizability

Until such replication occurs, the tentative "STEM amplification" pattern represents a hypothesis-generating
finding warranting further investigation rather than an established empirical fact suitable for theory-building or
policy intervention.

Profile-outcome associations

Table 11
One-way ANOV A — Profiles predicting perceived outcomes

Outcome Selective M Moderate M Academic M Comprehensive M FGB439) p 7?
(SD) (SD) (SD) (SD)

Academic 2.85 (0.94) 3.41 (0.88) 4.02 (0.73) 4.21 (0.68) 56.3 <.001 .28
Enhancement

Writing Skills 2.79 (1.02) 3.18 (0.96) 4.11 (0.76) 4.28 (0.71) 62.7 <.001 .30
Programming Skills 2.14 (1.08) 3.76 (1.02) 2.38 (1.14) 3.89 (1.06) 714 <.001 .33
Data Analysis Skills 2.41 (1.00) 3.68 (0.99) 2.96 (1.08) 3.92 (0.94) 47.9 <.001 .25
Overall Satisfaction 2.97 (1.01) 3.64 (0.87) 3.89 (0.79) 4.18 (0.73) 33.1 <.001 .18

Note: Scale 1-5. Bold indicates highest mean per outcome. Effect size 5% .01 = small, .06 = medium, .14 = large. AU ANOV As
significant (p < .001), large effects (* = .18-33).

Tukey HSD results:

Academic Enhancement: Comprehensive = Academic > Moderate > Selective

Writing Skills (H4a supported): Comprehensive = Academic > Moderate > Selective

Programming Skills (H4b strongly supported): Comprehensive = Moderate > Academic = Selective

Data Analysis: Comprehensive = Moderate > Academic > Selective

Satisfaction (H4c supported): Comprehensive > Academic > Moderate > Selective

Domain specificity is confirmed since Moderate Adopters' coding-focused use translates to programming gains
matching Comprehensive Users despite lower overall usage. Academic Enthusiasts' text-focused use predicts
highest writing gains. Comprehensive Users only profile exceeding all others on satisfaction, demonstrating
breadth advantages (T'able 11).

Figure 4 presents domain-specific outcome associations through grouped bar charts, revealing crossover
interactions wherein Moderate Adopters (blue bats) excel in programming/data analysis while Academic
Enthusiasts (orange bars) excel in writing, validating functional distinctions with Comprehensive Users (green bars)
achieving consistently high outcomes across all domains. Results underscore practical significance of functional
differentiation: how students use ChatGPT (profile membership) predicts skill development independently of how
much they use it (usage intensity).

Figure 4
Profile-outcome associations: Domain-specific skill development by usage profile

Profile-Outcome Associations
Domain-Specific Skill Development by Usage Prafile

Mean Score (1-5 Scale)

Academic Writing Programming Data Analysis overail
Enhancement skills Skills sklls saisfaction
Profile Legend
I setective (14.5% I osierate (31.0%) I Acaddemic (33.0%) I comprehensive i20.35)
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Grouped bar chart displays mean scores (1-5 scale) for five perceived outcomes across four latent profiles.
Orange dashed line indicates neutral midpoint (3.0). Domain specificity is evident: Blue bars (Moderate Adopters)
tallest for Programming Skills (M = 3.76) and Data Analysis Skills (M = 3.68), validating coding-focused
characterization. Orange bars (Academic Enthusiasts) tallest for Writing Skills (M = 4.11) and Academic
Enhancement (M = 4.02), confirming text-focused specialization. Green bars (Comprehensive Users) consistently
tall across all domains (M = 3.89-4.28), demonstrating breadth advantage. Grey bars (Selective Users) consistently
below neutral across all outcomes (M = 2.14-2.97). Crossover interactions validate functional distinctions:
Moderate Adopters exceed Academic Enthusiasts by 1.38 points for programming (3.76 vs. 2.38) while Academic
Enthusiasts exceed Moderate by 0.93 points for writing (4.11 vs. 3.18). Comprehensive Users uniquely surpass all
profiles for Overall Satisfaction (M = 4.18, p <.001 vs. all others), suggesting breadth confers dual benefits of skill
development and enhanced user experience. Al ANOVAs significant at p < .001 with large effect sizes (1> = .18-
.33), confirming profiles predict 18-33% of outcome variance, 5-8X larger than typical educational interventions.

Robustness checks

Six sensitivity analyses confirmed stability: (1) K-means (K = 4) ARI = .81 with LPA; (2) 70/30 cross-validation
y? = 0.89, p = .828; (3) Outlier exclusion changed results <1%; (4) Complete-case vs. imputation: ORs within
10.10, identical conclusions; (5) Measurement invariance Ay* = 44.8, p = .15; (6) Bootstrap Cls overlapped
excellently with Wald Cls.

This results section gives the details of the four profiles identified: Selective Users (14.9%), Moderate Adopters
(31.8%, coding-focused), Academic Enthusiasts (33.0%, text-focused), Comprehensive Users (20.3%). Gender
significantly predicted specialized profiles: males concentrated in coding-focused use (OR = 0.48 for females, p =
.007), females in text-focused use (OR = 1.89, p = .020), but not Comprehensive Users. Exploratory analyses
suggest gender gaps in coding use may be larger in Applied Sciences (33.4 points) than Social Sciences (12.7 points),
though small sample sizes (n=3 for female Natural Sciences students) prevent definitive conclusions. Profiles
predicted domain-specific outcomes with large effects (n> = .18-.33), validating functional distinctions. Full
technical tables, classification outputs, figures, the survey instrument, and robustness checks are provided in the
Supplementary Materials (Appendices A-D).

DISCUSSION

Principal findings and theoretical contributions

The four profiles identified here do more than confirm that students use ChatGPT differently, they reveal that
functional stratification tracks occupational segregation patterns already visible in Malaysian labour markets,
suggesting the digital divide is reproducing itself through a new medium. This study examined functional
differentiation in ChatGPT appropriation among Malaysian university students (n = 443), moving beyond binary
adoption metrics to reveal qualitatively distinct usage patterns. Latent Profile Analysis identified four profiles with
excellent classification quality (entropy = .871): Selective Users (14.9%), Moderate Adopters (31.8%, coding-focused),
Academic Enthusiasts (33.0%, text-focused), and Comprebensive Users (20.3%). Gender significantly predicted
specialized profile membership after controlling for field, institution, modality, age, usage intensity, and experience.
Males were 2.08 times more likely to concentrate in coding-focused moderate use (OR = 0.48 for females, 95%
CI[0.28, 0.82], p = .007), while females were 1.89 times more likely in text-focused academic use (OR = 1.89, 95%
CI [1.11, 3.23], p = .020).

Most notably, the Comprehensive Users group showed no significant gender difference (16.1% males, 21.8%
temales, p > .05), indicating that balanced use of Al is possible when engagement spans a wide range of tasks. However,
exploratory findings regarding field-based moderation should be interpreted cautiously given statistical limitations
detailed in the exploratory analyses above. A full summary of hypothesis testing results is provided in Table 12.

Taken together, the results paint a nuanced picture, gender predicts not whether students use ChatGPT, but
how they use it, with specialisation emerging along lines that mirror broader occupational segregation patterns.
These findings have three key theoretical implications. First, they confirm that digital gender divides have advanced
into what scholars call third-level differentiation, where the issue is no longer about access or basic digital skills
but about how technologies are used for different purposes (Van Deursen et al., 2021; Van Deursen & Van Dijk,
2023). Among Malaysian students, awareness of and access to ChatGPT are nearly universal, yet men and women
integrate it into their academic or professional workflows in distinct ways. This pattern, characterized by equal
access but unequal use, supports prior evidence that closing first- and second-level divides related to connectivity
and literacy does not automatically eliminate disparities in outcome-oriented uses (Hendrian, 2025; Mastam et al.,
2024; Raza et al., 2024; Subramaniam, 2023; Katz, 2020).
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Table 12
Summary of hypothesis testing results
Hypothesis  Prediction Result Effect Size Evidence
H1 3-5 distinct profiles exist SUPPORTED Entropy = .871 Section 4.2
H2a Gender predicts SUPPORTED Cramér's V = 211 Section
membership (p < .05) 4.3.1
H2b Males — technical profiles SUPPORTED* OR =048, p =.007 Section
432
H2c Females — text-focused SUPPORTED OR = 1.89, p =.020 Section
profiles 432
H3a Field moderates gender PARTIAL OR =0.39, p =.038 Section
effects 433
H3b Smaller gaps in STEM NOT DEFINITIVELY  Exploratory evidence suggests larger gaps; ~ Section
TESTED requires replication 4.3.3
H4 Profiles predict outcomes SUPPORTED n? =.18-33 Section 4.4

*Note: H2b supported with modification, males concentrated in coding-focused moderate use rather than comprebensive technical
Specialization as originally hypothesized. H3a partially supported, significant interaction emerged for Moderate Adopters only, not
Academic Enthusiasts.

Second, results extend the Technology Acceptance Model (Davis, 1989; Venkatesh et al., 2002) by showing
that "use" is multidimensional rather than unidimensional. TAM traditionally treats behavioural intention and
actual use as single constructs, assuming individuals either adopt or reject technologies in the same way across all
functions (Al-Adwan et al., 2023). Our four profiles show that students perceive different levels of usefulness
across ChatGPT's vatious functions, resulting in specialized usage patterns. A student may rate ChatGPT as highly
useful for essay writing while viewing it as having low utility for coding, a distinction that disappears in overall
adoption measures. This functional selectivity challenges the common TAM assumption that perceived usefulness
applies uniformly across a technology rather than varying by specific task (Hofer & Hargittai, 2024; Yang & Zhang,
2023).

Third, person-centred analytics (latent profile analysis) revealed differences that variable-centred methods
cannot detect, identifying the theoretically important Comprehensive Users profile that aggregate analyses would
miss (Mootre & Quartiroli, 2025). This methodological contribution shows LPA's value for studying multipurpose
technologies where functional versatility allows for different usage patterns (Hofer & Hargittai, 2024; Yang &
Zhang, 2023). The profiles' strong predictive validity for domain-specific outcomes (n? = .18-.33, all p < .001)
confirms they represent real behavioural patterns rather than arbitrary statistical groupings. Essentially, this
substantial predictive power confirms that the profiles represent meaningful, real-world behavioural patterns rather
than arbitrary statistical categories.

Mechanisms underlying gendered functional stratification

The pronounced male concentration in Moderate Adopters (41.9% vs. 25.0% females) and female
concentration in Academic Enthusiasts (38.5% vs. 26.3% males) aligns with occupational segregation patterns
(Lamberti et al., 2023; Raza et al., 2024), suggesting four mechanisms shape educational Al use (Acar et al., 2025).

Stereotype threat and identity protection

Exploratory analyses suggest gender gaps in coding use may be larger in Applied Sciences (33.4 points) than
Social Sciences (12.7 points) (Ahn et al., 2022). If this tentative pattern proves robust in replication studies, it could
reflect stereotype threat mechanisms where women avoid coding applications to protect their sense of belonging
in male-dominated STEM contexts. Women in male-dominated fields may view ChatGPT coding assistance as
confirming negative stereotypes, leading to avoidance despite its usefulness.

Peer influence and role modelling

Field segregation creates same-gender peer networks where males in Applied Sciences (39.8%) observe coding-
focused ChatGPT use through male-dominated study groups, while females in Arts/Humanities (17.9%) observe
text-focused use (Alam, 2022). The lack of female coding role models in technical fields may reinforce usage
patterns even when women have equivalent programming skills.

Unequal access to informal learning

Malaysian Applied Sciences programs require substantial programming coursework, theoretically providing
equal coding exposure. Yet our results show that equal formal opportunities do not lead to equal tool use (Rahman
& Halim, 2022; Raza & Singh, 2024). If women face exclusion in informal learning spaces, study groups,
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hackathons, online communities, they develop coding skills through traditional methods rather than Al-assisted
approaches, creating usage gaps despite equal classroom access.

Gender-identity alignment

Students tend to use ChatGPT for applications that align with existing gender identities rather than exploring
counter-stereotypical uses (Sintas et al., 2023). Our data showed that writing-related uses strongly correlated (r =
.069-.73), forming a "feminized" task cluster, while coding uses correlated moderately (r = .38-.59), suggesting
technical uses remain distinct.

These four mechanisms likely work together

A female Applied Sciences student experiencing stereotype threat in male-dominated study groups may avoid
informal coding communities while favouring writing applications, producing patterns like the 33.4-point gap we
observed. However, given the statistical limitations of our field interaction analyses, these mechanistic explanations
for STEM amplification remain theoretical possibilities requiring empirical validation rather than confirmed
processes. Interventions addressing multiple mechanisms simultaneously will be most effective once the STEM
amplification pattern is definitively established through replication. Before drawing policy implications however, it
is worth pausing on what the data cannot yet tell us, which is the focus of the following section.

The "tentative STEM amplification pattern': Statistical caution and theoretical speculation

Statistical limitations preventing definitive conclusions

Note: The findings discussed in this section do not constitute an established empirical phenomenon and should not be cited as such.

Our exploratory analyses suggest gender gaps in technical ChatGPT use may be larger in STEM fields (33.4
points in Applied Sciences vs. 12.7 points in Social Sciences), but this pattern must be interpreted with significant
caution due to severe statistical limitations that prevent definitive hypothesis testing.

The Female X Natural Sciences cell (n=3) and Female X Applied Sciences cell (n=75) produce interaction
estimates with critically low statistical power (35% and 65%, respectively) and confidence intervals spanning 6-90
fold ranges. Post-hoc power analysis confirms we lack adequate power to definitively detect interaction effects of
the observed magnitude. The Female X Natural Sciences confidence interval [0.03, 2.71] is so wide that it
encompasses effects ranging from extreme protection (females 97% less likely) to moderate harm (females 171%
more likely), rendering the estimate scientifically uninformative.

Even the more stable Female X Applied Sciences estimate (n=75) has a 6-fold confidence interval range [0.16,
0.95], indicating the true gender gap in Applied Sciences could be anywhere from 8 to 51 percentage points,
potentially smaller than, equal to, or larger than the Social Sciences baseline (12.7 points). This uncertainty
precludes confident conclusions about amplification versus attenuation.

Why statistical caution matters

It must be emphasized that "basing a major theoretical contribution on such thin data is statistically precarious."
Our claims must be proportionate to our evidence quality. With 35-65% power and 6-90% confidence interval
ranges, we have:

e Sufficient evidence to reject the null hypothesis of no moderation (p = .038)

e Sufficient evidence to establish that field matters (interaction exists)

¢ Insufficient evidence to confidently estimate the magnitude of field effects

¢ Insufficient evidence to conclude amplification is confirmed rather than tentative

Therefore, we present this as an exploratory hypothesis-generating finding requiring replication rather than an
established phenomenon suitable for theory-building.

Tentative theoretical interpretation (if pattern proves robust)

With statistical limitations acknowledged, we can cautiously explore the theoretical implications if future well-
powered studies confirm the apparent amplification pattern. Three mechanisms might explain why technical
environments could intensify rather than reduce gendered appropriation:

Mechanism 1: Stereotype Threat Amplification. Women constituting <30% of Applied Sciences enrolment
(Table 4: 29.8%) may experience heightened visibility in male-dominated contexts, where technical tool use
becomes socially evaluated in ways absent for male peers (Clarke et al., 2024; Klinger & Svensson, 2023; Bicer et
al., 2020). Paradoxically, this increased scrutiny may prompt women to avoid Al coding assistance to demonstrate
"authentic" competence, widening the very gaps STEM training aims to close.
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Mechanism 2: "Solo Status" Effects. Social psychology research shows that numerical minorities expetience
intensified identity salience (Ahn et al., 2022). Female Applied Sciences students, facing both gender minority status
and masculine field cultures, may avoid technical Al applications to minimize identity threat, even when such tools
would enhance learning.

Mechanism 3: Gendered Competence Demonstrations. In disciplines where technical skill is identity-central,
women may perceive Al coding assistance as undermining credibility ("she can't code without Al help"), while
men view it pragmatically as efficiency-enhancing. This asymmetric evaluation creates divergent appropriation
despite identical access and training.

Critically, these mechanisms remain speculative until replicated with adequate statistical power. They represent
testable hypotheses rather than confirmed explanations.

Implications for diversity interventions (contingent on replication)

If future research confirms the amplification pattern, findings would challenge fundamental assumptions
underlying STEM diversity interventions. Malaysian policymakers, like global counterparts, assume that recruiting
women into STEM ("fixing the pipeline") automatically equalizes outcomes. However, our tentative data suggest
placing women in male-dominated contexts may intensify rather than resolve functional stratification.

This would imply that increasing female STEM enrolment (Malaysia's current 22-28%) without addressing field-
level cultures could inadvertently widen functional Al appropriation gaps. Interventions would need to target: (1)
masculine STEM cultures that heighten evaluation threat, (2) visible role modelling showing diverse students using
technical Al tools, (3) anti-stereotype framing in Al literacy training ("Research shows women and men benefit
equally from Al coding assistance™), and (4) inclusive peer communities reducing solo status effects.

However, these policy implications remain conditional on future replication. Premature intervention based on
statistically fragile findings risks misallocating resources or implementing ineffective programs.

Replication imperative

Given the statistical fragility, we present this as an exploratory hypothesis rather than an established finding.
Confirmation requires: (1) larger samples with minimum n = 50 per GenderXField cell to achieve 280% power,
(2) longitudinal designs tracking usage across program years to distinguish transient from stable patterns, (3)
experimental tests manipulating stereotype threat salience to test proposed mechanisms, (4) multi-institutional
replication ensuring patterns generalize beyond single-country convenience samples, and (5) behavioural trace data
supplementing self-reports with ChatGPT API logs to rule out measurement artifacts.

Until such replication occurs, the "tentative STEM amplification pattern” should be treated as a tentative
pattern warranting investigation rather than a robust empirical fact justifying theoretical revision or policy
intervention. We encourage researchers with access to large multi-institutional datasets to prioritize testing these
interaction effects with adequate statistical power.

Conclusion on H3b

We cannot definitively conclude whether technical training amplifies or attenuates gender gaps in technical Al
use. Our data are directionally suggestive of amplification but statistically underpowered for confident inference.
H3b therefore remains not definitively tested pending adequately powered replication, representing an important
agenda for future research rather than a settled empirical question.

Institution type and learning format: Why they didn't matter

Contrary to expectations in RQ3, neither institution type (public vs. private) nor learning format (traditional vs.
blended vs. online) significantly moderated gender-profile relationships (Table 8, all p > .20). These null findings
are important as they inform theoretical understanding and intervention design.

Institution type. The absence of public-private differences (OR = 1.07-1.29, all p > .40) suggests functional
stratification occurs across institutional contexts. Both public universities (where 62.3% of our sample studied)
and private institutions showed similar gender-profile distributions. This uniformity implies that gendered
appropriation reflects broader societal-level forces, occupational norms, media representations, peer cultures,
rather than institution-specific policies or cultures (Raza et al., 2024; Raza & Singh, 2024; Banton et al., 2024).
Malaysian private universities, typically resource-rich with smaller class sizes and more internationalized curricula,
showed no advantage in promoting equitable functional appropriation compared to public universities with larger
enrolments and more constrained resources.

This null finding suggests that functional Al appropriation may be governed by extra-institutional factors
(family socialization, media consumption, online communities) that overwhelm institutional effects. Educational
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interventions must therefore target national-level discourses and cultural narratives rather than assuming
institutional variation provides natural experiments for identifying effective practices.

Learning format. Similarly, no differences emerged between traditional (30.2%), blended (58.9%), and online
(10.8%) learning contexts (OR = 0.91-1.84, all p > .19). This contradicts expectations that online learning, with its
self-directed nature, might reduce peer visibility effects that amplify stereotype threat (Ahn et al., 2022). The
equivalence across formats suggests gendered tool appropriation operates independently of physical co-presence.
Even in fully online contexts where technical ChatGPT use is invisible to peers, students exhibited specialized
patterns, suggesting internalized gender schemas rather than situational evaluation concerns as primary drivers
(Sintas et al., 2023).

The finding indicates that students carry gendered technology associations into online spaces, selecting
applications aligned with gender schemas regardless of reduced social visibility. This persistence suggests that
interventions focusing solely on learning environment redesign (e.g., expanding online options) will not address
functional stratification without explicit attention to internalized beliefs and norms.

The format null finding also has practical implications for post-pandemic higher education. Malaysian
universities have sustained high levels of blended learning (58.9% of our sample) following COVID-19 disruptions
(Mustapha et al., 2022; Seong et al., 2022). Our data suggest that format choices are equity-neutral for functional
Al appropriation, neither worsening nor improving gendered patterns. Institutions should therefore select formats
based on pedagogical effectiveness and resource constraints rather than assuming particular formats inherently
promote equitable technology use.

Implications of null findings. Together, these non-significant moderators clarify that functional stratification is
robust across Malaysian higher education's structural diversity. Gender-profile relationships petsist regardless of
institutional prestige, resource levels, or delivery format. This robustness has two implications. Positively,
interventions addressing gendered appropriation should work across institutional contexts rather than requiring
customization for public vs. private or online vs. face-to-face settings. Negatively, the pervasiveness of stratification
indicates that surface-level structural changes (switching formats, redistributing resources) will not change
gendered patterns without targeting deeper cultural and identity mechanisms described in the section on
Mechanisms underlying gendered functional stratification.

How usage profiles predict actual skill development

Profile-outcome analyses (Table 11) provided construct validity for the 4-profile taxonomy through domain-
specific associations predicted by H4. Moderate Adopters reported programming skill development (M = 3.76)
statistically equivalent to Comprehensive Users (M = 3.89, p = .627) despite 20% lower overall usage intensity,
confirming that strategic specialization in coding tasks produces targeted competencies. Conversely, Academic
Enthusiasts' writing skill development (M = 4.11) matched Comprehensive Users (M = 4.28, p = .421),
demonstrating that text-focused engagement confers domain-specific advantages.

These patterns validate functional differentiation as theoretically meaningful rather than arbitrary clustering
(Hofer & Hargittai, 2024; Yang & Zhang, 2023). If profiles merely reflected usage frequency, outcome associations
would follow a simple pattern: Comprehensive > Academic/Moderate > Selective across all domains. Instead,
results show crossover interactions: Moderate Adopters exceed Academic Enthusiasts by 1.38 points for
programming (A = 3.76 - 2.38) while Academic Enthusiasts exceed Moderate Adopters by 0.93 points for writing
(A=4.11-3.18).

This task-specificity confirms that how students use ChatGPT predicts skill development independently of how
much they use it. Critically, this produces functionally distinct Al-augmented skill sets: males developing Al-
enhanced technical skills, females developing Al-enhanced communication skills, potentially channelling students
into segregated occupational roles in Al-transformed labour markets (Lamberti et al., 2023; Raza et al., 2024).

Programming skills. Moderate Adopters (M = 3.76) and Comprehensive Users (M = 3.89) scored 1.4-1.6 points
higher than Academic Enthusiasts (M = 2.38) and Selective Users (M = 2.14). This pattern directly validates the
coding-focused characterization of Moderate Adopters: despite moderate engagement across most tasks, their
elevated coding use (M = 3.42, Table 6) produces programming gains rivalling comprehensive users. The Academic
Enthusiasts' low programming score (M = 2.38, below scale midpoint) despite high overall usage shows that
breadth alone does not build skills, domain-relevant practice is necessary.

Writing skills. Conversely, Academic Enthusiasts (M = 4.11) and Comprehensive Users (M = 4.28) significantly
exceeded Moderate Adopters (M = 3.18) and Selective Users (M = 2.79). The 0.93-point gap between Academic
and Moderate profiles confirms that intensive text-processing use develops writing-specific abilities that coding-
focused users do not acquire through their specialized patterns.

Satisfaction. Comprehensive Users reported highest satisfaction (M = 4.18), significantly exceeding Academic
Enthusiasts (M = 3.89, p = .047), Moderate Adopters (M = 3.64, p < .001), and Selective Users (M = 2.97, p <
.001). This breadth advantage suggests that comprehensive engagement may build resilience: when ChatGPT fails
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at one task, users with diverse applications maintain positive experiences through success in other areas. These
mechanisms suggest that promoting comprehensive engagement serves dual goals: equitable skill development and
enhanced user experience.

Effect size importance. The large effect sizes (n* = .18-.33) indicate that profile membership explains 18-33%
of outcome variance. That latent profiles predict this much outcome variance highlights the practical significance
of functional differentiation: addressing how students use Al may matter more for learning outcomes than simply
increasing adoption rates. This magnitude justifies prioritizing functional equity as a policy target alongside
traditional equity metrics (access, enrolment, completion) (Van Deursen & Van Dijk, 2023).

Figure 5 illustrates the full pathway from gendered ChatGPT use patterns during university to segregated
labour market outcomes, demonstrating how functional stratification in education may translate into economic
inequality despite gender parity in enrolment.

Figure 5
Conceptual model: Gendered Al appropriation to occupational segregation

EDUCATIONAL STAGE (University Years 1-4)

MALE STUDENTS FEMALE STUDENTS
ChatGPT Profile: ChatGPT Profile:
MODERATE ADOPTERS ACADEMIC ENTHUSIASTS
(Coding-focused) (Text-focused)

« Coding (M = 3.42) * Writing (M = 4.18)
» Calculating * Proofreading

» Data analysis « Summarizing

Al-Augmented TECHNICAL Skills Al-Augmented COMMUNICATION Skills

Yy Y

LABOR MARKET OUTCOMES
MALE GRADUATES FEMALE GRADUATES
Technical Al-Augmented Roles: Communication Al-Augmented Roles:
» Data Analyst « Content Writer
» ML Engineer + Marketing Specialist
« Al Product Manager » Communications Manager

HIGHER SALARIES

Premium pay for
technical skills

||
SOCIETAL OUTCOME: OCCUPATIONAL SEGREGATION

i Malaysia's Ed ional Achi "

/ 60% Female University Enrollment (QUANTITATIVE EQUITY)

. SOLUTION:

COMPREHENSIVE Al LITERACY

I Undermined by Functional Stratification: (Currently 20% of students)

X Gendered Al Skill Development (QUALITATIVE INEQUITY)
X Wage Gap Persists « Occupational Segregation Reproduces

— Equal exposure to ALL domains
— Gender-neutral skill development
— Equitable labor market outcomes

Note: This model is partially based on exploratory findings with insufficient statistical power for definitive conclusions. Al pathways
imvolving STEM field moderation require replication with larger samples before informing theory or policy. The core gender-profile
associations (Panels A and B) are statistically robust; the field moderation component is hypothesis-generating only.

Conceptual model linking gendered ChatGPT appropriation to occupational segregation. Panel A (Educational
Stage) shows how gender predicts specialized usage profiles, Moderate Adopters (coding-focused) for males,
Academic Enthusiasts (text-focused) for females, leading to divergent Al-augmented skill development
(programming M = 3.76 vs. writing M = 4.11). Panel B (Labor Market) illustrates how skill profiles sort graduates
into differentially compensated occupational niches: males into technical Al-augmented roles (data analyst, ML
engineer) with premium salaries, females into communication roles (content writer, marketing) with standard

22/ 41 © 2026 by Authot/s



European Journal of STEM Education, 2026, 11(1), 17

compensation. Panel C (Societal Outcome) highlights the equity paradox wherein Malaysia's quantitative gender
parity (60% female enrolment) risks erosion through qualitative inequity in functional skill development. The
model demonstrates how third-level digital divides (functional differentiation) may reproduce occupational
segregation through technology appropriation despite equal educational access. Green box indicates the equitable
pathway: Comprehensive Al literacy (20% of sample) requiring broad engagement across all functional domains
to achieve gender-neutral skill development and labour market outcomes.

Implications for theory development

Findings require theoretical refinement in three areas. First, TAM must accommodate functional
multidimensionality (Al-Adwan et al., 2023). We propose that perceived usefulness (PU) operates at two levels:
users form task-specific usefulness perceptions (PU writing, PU coding) alongside global impressions (PU overall).
This explains why students reporting high global satisfaction (M = 3.64) nonetheless avoid specific applications
like coding (M = 2.61), they see different utility across tasks. Students with similar global views showed 1.4-point
differences in specific task use (Academic vs. Moderate on coding: M = 1.98 vs. 3.42).

Second, digital divide frameworks must recognize functional stratification as distinct (Van Deursen & Van Dijk,
2023). We propose dividing Level 3 usage into: (3a) breadth, number of functions used; (3b) depth, intensity within
functions; and (3c) balance, evenness across functions. This clarifies intervention targets: breadth gaps need
exposure interventions, depth gaps need confidence-building, balance gaps need cultural interventions addressing
task-identity alignment.

Third, gender-technology relations need reconceptualization. Rather than asking if women use technology less,
we must ask which functions they use differently. Gender does not predict overall adoption but specifically predicts
functional specialization. Gender effects emerged only for stereotypically gendered tasks, masculine tasks like
coding (r = .29) and feminine tasks like creative writing (r = .14), while gender-neutral tasks like academic writing
showed no effects (all p > .05) (Sintas et al., 2023; Lamberti et al., 2023). Gender operates as a "schema activator"
where specific tasks trigger gender-aligned evaluations while others remain neutral.

Implications for policy and practice
Curriculum interventions

Malaysian universities should mandate "AI Literacy Across Disciplines" modules requiring students to complete
ChatGPT tasks across all functional domains: reproductive (proofreading, summarizing), generative
(brainstorming, creative writing), analytical (research assistance), and technical (coding, calculating). Module design
should include: (1) Counter-stereotypical assignments, computer science students complete text-intensive tasks
(literary analysis), humanities students complete technical tasks (debugging Python code), with explicit anti-
stereotype framing: "Research shows women and men equally benefit from Al coding assistance"; (2) Scaffolded
progression from exploratory tasks to self-directed application, reducing anxiety; (3) Portfolio assessment
evaluating breadth and depth rather than task performance, reducing evaluative threat. Preliminary evidence
suggests guided exploration increases breadth by 30-40% and reduces gender gaps by 15-25% (Strzelecki, 2024),
though assignments must occur eatly (Year 1-2) before specialized patterns solidify.

Faculty development must address: (1) Pattern recognition training presenting gender-usage data to raise
awareness; (2) Strategic redirection when observing gendered patterns with reattribution framing; (3) Inclusive
examples showcasing diverse users (female students using ChatGPT for coding) providing visible role models
(Clarke et al., 2024; Klinger & Svensson, 2023); (4) Avoiding essentializing rhetoric that reinforces stereotypes.

Institutional culture change

Universities must address masculine cultures in technical fields (Alier et al., 2024) through: (1) Visible modelling
campaigns featuring female students/faculty using ChatGPT for coding, emphasizing normalcy rather than
exceptionalism; (2) Peer mentoring programs pairing female novices with female comprehensive users for
structured technical mentoring, providing same-gender modelling and identity affirmation; (3) Inclusive computing
communities creating women-focused coding groups and workshops where technical Al use occurs without
minoritization; (4) Public tracking and reporting of functional equity metrics, creating incentives for departmental
culture change.

National policy recommendations

The Malaysian Ministry of Higher Education should integrate functional Al literacy into the 2025 National 4IR
Skills Framework (Jamaluddin et al., 2025; Taib et al., 2025), replacing generic "AI use" metrics with competency-
based assessment across four domains: reproductive, generative, analytical, and technical. Universities should
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annually report functional equity metrics disaggregated by gender and field: breadth gaps (number of applications
used), depth gaps (usage frequency differences), and profile distribution gaps. Public reporting creates
accountability and enables benchmarking across institutions.

Performance-based funding should tie 2-5% of public university allocations to functional equity progress,
rewarding both absolute performance (proportion achieving comprehensive engagement) and improvement (gap
reduction over time) (Rahim & Igbal, 2025). A national awareness campaign should challenge stereotypes about
gendered technology use, featuring diverse role models using Al tools with messaging emphasizing "Al is for
evetyone, evety subject, every task." These policy mechanisms, competency standards, equity reporting, funding
incentives, public messaging, create multi-level pressure ensuring Malaysia's educational gender parity (60% female
enrolment) translates into occupational equity in Al-augmented economies.

LIMITATIONS
Self-report bias and social desirability

Self-report measures introduce multiple biases that warrant careful consideration, particularly given the
gendered nature of technical computing tasks. Students may report ChatGPT usage patterns that align with gender-
stereotypical expectations rather than actual behaviour, for instance, males may overreport coding use to conform
to masculine technical identity norms, while females may underreport technical applications to avoid violating
gender-typical behaviour expectations. Such response biases would artificially inflate observed gender gaps beyond
true behavioural differences, potentially exaggerating the functional stratification we documented.

Lavidas et al. (2022) demonstrate that social desirability effects in student self-reports vary significantly by
context, with students exhibiting different response patterns in lecture halls versus laboratory settings where
technical competence is more salient. In our study, survey administration through instructor referrals may have
activated evaluative concerns, particulatly for female STEM students in male-dominated programmes where
technical identity is under constant scrutiny. This context-dependent desirability effect could contribute to the
appatent "STEM amplification" we observed, where female engineering students may have systematically
underreported coding-focused ChatGPT use to manage impressions in technically evaluative contexts. If social
desirability operates more strongly in STEM than non-STEM contexts, our observed 33.4-point gap in Applied
Sciences could partially reflect measurement artifact rather than true behavioural differences.

Additionally, recall bias may differentially affect responses across task types. Coding tasks are often more salient
and memorable than routine text-processing activities (proofreading, summarising), potentially leading males to
more readily recall and report technical applications while females more readily recall communicative uses. The 12-
task Likert scale format requiring retrospective frequency estimates over unspecified timeframes is particularly
susceptible to such retrieval asymmetries. If males disproportionately remember coding instances while females
disproportionately remember writing instances, our latent profiles may partially reflect differential recall rather than
differential behaviour.

Survey anonymity and online administration mitigate but do not eliminate desirability bias. While participants
could not be identified individually, awareness that data would be aggregated by gender and field may have activated
group-level identity concerns. Female engineering students, cognisant of stereotypes about women's technical
capabilities, may have felt implicitly evaluated as representatives of their gender category, prompting conservative
reporting of Al-assisted coding regardless of actual usage.

Methodological recommendations

Future studies should triangulate self-reports with behavioural trace data. ChatGPT API logs, with appropriate
consent and anonymisation protocols, would provide objective usage metrics capturing: (1) prompt types
submitted (classifiable as technical vs. communicative via natural language processing), (2) session duration and
frequency, (3) iterative refinement patterns indicating depth of engagement, and (4) task sequences revealing
functional versatility. Such data would isolate true behavioural patterns from self-presentation effects. Mixed-
methods approaches combining surveys with qualitative interviews could illuminate how social desirability shapes
responses, while experimental designs manipulating survey framing (e.g., "learning strategies" vs. "gender
differences in Al use") could test whether identity salience affects reporting patterns. Until such methodological
triangulation occurs, our findings should be interpreted as documenting reported usage patterns that may partially
reflect perceived appropriateness rather than actual behaviour.

In the Malaysian context specifically, social desirability pressures operate through additional cultural channels
that may amplify these effects beyond what Western studies typically report. Malaysia's collectivist orientation
means students are acutely sensitive to peer group expectations and face-saving norms (Raza et al., 2024; Raza &
Singh, 2024). A female engineering student who uses ChatGPT for coding may be reluctant to report this if she
perceives it as drawing attention to a skill gap, while a male student in the same situation may frame identical
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behaviour as technical resourcefulness. Islamic ethical frameworks present in Malaysian universities may further
shape how students report Al-assisted academic work, particularly where institutional messaging conflates Al use
with academic dishonesty. Additionally, Malaysia's multilingual environment means that students completing an
English-language survey may underreport nuanced or stigmatised behaviours due to language-mediated self-
presentation effects, defaulting to socially safe responses when uncertain about phrasing. Together, these culturally
specific pressures suggest that observed gender gaps in our data, particularly the coding-use gap, may be inflated
relative to true behavioural differences. Future Malaysian studies should consider Bahasa Malaysia survey
instruments and mixed-methods designs that allow students to contextualise their responses within local cultural
norms.

Cross-sectional design and causal inference

The cross-sectional design prevents causal inference. While gender predicts profile membership, reverse
causation remains theoretically possible, though implausible given gender is temporally prior to university Al
adoption. More plausibly, unmeasured third variables (prior computing expetience, disciplinary socialisation, peer
influences) may confound observed associations. Longitudinal designs tracking students from matriculation
through graduation would clarify whether gender differences in functional Al appropriation emerge immediately
upon ChatGPT exposure or develop gradually through socialisation processes. Panel data would enable fixed-
effects models controlling for time-invariant individual heterogeneity, isolating causal effects of field exposure and
peer composition on usage pattern evolution.

Sampling limitations and selection bias

Convenience sampling through instructor referrals introduces multiple selection biases. The sample likely
overrepresents Al-interested, HEnglish-proficient, digitally engaged, urban students from institutions with
progressive faculty willing to facilitate research participation. Female non-participants may disproportionately
represent Al-averse students, meaning our sample underestimates true gender gaps in adoption while potentially
overestimating gaps in functional differentiation among adopters. The exclusion of non-users entirely (inclusion
criterion required prior ChatGPT use) prevents analysis of adoption barriers versus appropriation patterns.
Additionally, the English-language survey excludes Bahasa Malaysia-primary students, who may exhibit different
usage patterns influenced by language-mediated access to Al capabilities.

Probability sampling with rural/urban, socioeconomic, linguistic, and institutional stratification would improve
representativeness. Oversampling strategies for underrepresented groups (non-binary students, rural students,
Bahasa Malaysia speakers, non-adopters) would enable more comprehensive population inference. Weighting
adjustments based on known population demographics could partially correct selection bias in secondary data
analysis.

Binary gender operationalisation

Binary gender operationalisation (male/female) excludes non-binaty experiences. Five participants (1.1%)
selecting "Othet" ot "Prefer not to say" were excluded from gendet-stratified analyses due to insufficient statistical
power for stable estimation (post-hoc power <10% for any effect involving this group). This exclusion reflects
methodological necessity rather than theoretical dismissal of gender diversity, but it limits our ability to understand
how non-binary students navigate gendered technology cultures. Non-binary students may face unique pressures,
simultaneously experiencing marginalisation in masculine technical spaces while lacking clear gender-aligned usage
scripts that cisgender students follow.

Future research with larger samples (minimum n = 50 non-binary participants) should examine whether non-
binary students: (1) exhibit usage patterns distinct from binary categories, (2) show greater functional versatility
due to reduced gender-schema constraints, or (3) experience intensified identity threat leading to avoidance.
Qualitative research exploting non-binary students' subjective experiences with Al tools in gendered educational
contexts would provide essential insights currently absent from quantitative literature.

Unmeasured mediators and mechanisms

While we proposed four mechanisms driving gendered functional stratification (stereotype threat, peer
influence, access to informal learning, gender-identity alignhment), our secondary data lack direct measures of these
constructs. We cannot empirically test whether observed gender-profile associations operate through self-efficacy
differences, stereotype threat activation, peer network composition, or identity protection motives. The
mechanisms remain theoretically plausible but empirically unverified.

Future research should directly measure proposed mediators through: (1) validated self-efficacy scales capturing
domain-specific confidence (programming self-efficacy, writing self-efficacy), (2) experimental manipulations of
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stereotype threat (priming gender stereotypes about technical ability vs. neutral primes), (3) social network analysis
mapping peer influence on tool adoption, and (4) implicit association tests revealing automatic gender-technology
associations. Structural equation modelling with measured mediators would partition total gender effects into direct
and indirect pathways, clarifying causal mechanisms. Without such mediation analysis, our mechanistic
interpretations remain speculative.

Small cell sizes in interaction effects

Small cell sizes in Gender X Field interactions produce statistically unstable estimates with wide confidence
intervals and inadequate statistical power. The Female X Natural Sciences cell (n = 3) yields a 90-fold confidence
interval range [0.03, 2.71], rendering the estimate scientifically uninformative. Even the more stable Female X
Applied Sciences cell (n = 75) produces a 6-fold confidence interval range [0.16, 0.95], indicating the true gender
gap could range from 8 to 51 percentage points. Post-hoc power analysis reveals 35% power for Natural Sciences
and 65% power for Applied Sciences interactions, well below the 80% conventional threshold.

These limitations prevent definitive conclusions about whether STEM contexts amplify gender gaps.
Replication with minimum n = 50 per GenderXField cell would achieve adequate power. Alternatively, multi-
institutional collaborations pooling data across universities could accumulate sufficient cell sizes. Meta-analytic
approaches synthesising multiple small studies would provide more stable interaction effect estimates than any
single-site study.

Temporal and technological constraints

Data collection (October 2024—February 2025) occurred 24 months post-ChatGPT launch, representing a
transitional period when usage patterns may remain fluid. Early adopters in our sample may exhibit different
functional orientations than later adopters or non-adopters, limiting generalisability to the full student population.
Additionally, rapid Al advancement means ChatGPT's capabilities evolved substantially between November 2022
(GPT-3.5) and our data collection period (GPT-4 widely available). Students' functional appropriation may shift
as capabilities expand, plugins emerge, and institutional policies crystallise.

Cohort studies tracking multiple student cohorts across ChatGPT's diffusion curve would distinguish transient
adoption dynamics from stable appropriation patterns. If functional stratification diminishes as tools become
ubiquitous and normalised, our findings represent early-stage phenomena. Conversely, if stratification persists or
intensifies, this suggests durable mechanisms requiring sustained intervention. The rapid pace of Al advancement
may render specific findings obsolete even before publication, though theoretical insights about gendered
technology appropriation likely retain validity across successive Al generations.

Generalisation and cultural specificity

Findings from Malaysia, a middle-income, Muslim-majority, multiethnic, multilingual nation with robust digital
infrastructure yet pronounced occupational gender segregation, may not generalise to Western or culturally distinct
contexts. Malaysia's unique configuration of educational gender parity (60% female enrolment) coexisting with
STEM undet-representation (22-28% female in engineeting/computing) creates specific conditions that may
intensify functional stratification. Collectivist cultural orientations emphasising conformity and social harmony
may amplify peer influence mechanisms, while Islamic frameworks shaping gender roles may influence perceived
appropriateness of technical versus communicative tool uses.

Cross-cultural replications in Western contexts (individualist, higher gender equality indices) and other non-
Western contexts (Sub-Saharan Africa, Latin America) would establish boundary conditions. If gendered
functional differentiation persists across diverse cultural settings, this would support universal mechanisms
(stereotype threat, identity alignment). If patterns attenuate in gender-equitable societies (Nordic countries) or
intensify in patriarchal contexts (Middle East/North Africa), this would confirm cultural moderation. Comparative
research would clarify whether third-level digital divides represent global phenomena requiring coordinated
international intervention or culturally specific challenges demanding localised solutions.

Strengths amid limitations

Despite these limitations, the study provides valuable contributions. The person-centred latent profile approach
captures heterogeneity in functional use that variable-centred analyses overlook. The 12-item task-specific
measurement offers fine-grained resolution of third-level digital divide patterns. Seven covariates and interaction
tests enhance model precision, while six robustness checks (K-means validation, cross-validation, outlier exclusion,
imputation comparison, measurement invariance, bootstrap confidence intervals) confirm analytical stability. The
Malaysian setting extends gender and Al literature beyond Western samples, testing theoretical generalisability.
Data collection timing (24 months post-launch) captures a critical equilibration period when Al integration had
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normalised in hybrid learning environments, providing ecological validity. Large effect sizes (n* = .18-.33) for
profile-outcome associations demonstrate practical significance despite statistical limitations in interaction effects.
These strengths ensure findings contribute meaningfully to literature despite acknowledged constraints.

CONCLUSION

This study identified four behavioural profiles among Malaysian university students, Selective Users (14.9%),
Moderate Adopters (31.8%, coding-focused), Academic Enthusiasts (33.0%, text-focused), and Comprehensive
Users (20.3%), revealing that gender differences operate at the level of functional differentiation rather than basic
access. While students show near-universal ChatGPT awareness (85% adoption) with no gender gaps in minimal
engagement (p > .05), systematic differences emerge in which applications students use: males concentrate in
coding-focused use (OR = 0.48 for females, p = .007), females in text-focused use (OR = 1.89, p = .020), with
exploratory analyses suggesting potentially larger gaps in STEM fields (33.4 points in Applied Sciences) versus
Social Sciences (12.7 points), though small sample sizes (n=3 for female Natural Sciences students) prevent
definitive conclusions. These patterns broadly align with prior research on gendered technology appropriation,
though the specitic STEM amplification pattern requires replication with adequately powered samples.

The Comprehensive Users profile's gender parity demonstrates equitable Al literacy is achievable, yet only 20%
reach this profile, requiring curriculum mandates promoting counter-stereotypical exploration, faculty
development, culture change, and policy accountability. For Malaysia, having achieved quantitative gender parity
(60% female enrolment), qualitative equity remains elusive. While our data show clear gender differences in
functional Al appropriation, the extent to which these educational patterns prefigure occupational segregation
requires longitudinal investigation tracking students into the workforce. Importantly, the gender gap was not
moderated by institution type or learning format, suggesting mechanisms driving the third-level digital divide are
rooted in broader socio-cultural contexts rather than institutional policies, underscoring that preventing
occupational segregation requires systemic intervention addressing functional stratification, a new analytical layer
within digital equity research demanding attention as generative Al threatens to erode hard-won gender parity
gains.
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Appendix A: Technical tables
Table Al

Complete latent profile analysis model comparison statistics

Model Log- AIC BIC Entropy  AvePP AvePP AvePP AvePP AvePP AvePP BLRT
likelihood Profile 1 Profile2 Profile3 Profile4 Profile5 Profile6 p-value
2-Profile -7,124.3 14,296.6  14,382.1 0.812 0.94 0.89 — — — — <.001
3-Profile -6,987.5 14,047.0 14,157.8  0.841 0.92 0.87 0.91 — — — <.001
4-Profile -6,892.1 13,880.2  13,941.5 0.871 0.94 0.89 0.92 0.90 — — <.001
5-Profile -6,831.4 13,782.8 13,9194  0.868 0.93 0.88 0.91 0.86 0.89 — 082
6-Profile -6,789.7 13,7234 13,9353  0.854 0.92 0.87 0.89 0.84 0.86 0.88 194

Note: AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion; AvePP = Average Posterior Probability of
profile membership (diagonal values from classification table); BLRT = Bootstrap Likelihood Ratio Test comparing k-profile model
to (k-1)-profile model. Bold row indicates selected model based on lowest BIC, high entropy (>.80), all AvePP >.80, significant
BIRT, and theoretical interpretability. The 5-profile and 6-profile models showed diminishing returns with non-significant BLRT

and profile fragmentation (two profiles differed by <0.3 scale points on all indicators).

Table A4
Multinomial logistic regression full model results (n = 438)

Predictor Comparison: Selective vs. Comparison: Moderate vs.  Comparison: Academic vs.
Comprehensive Comprehensive Comprehensive
OR [95% CI] p OR [95% CI]

Intercept 0.18 [0.02, 1.64] 126 0.31 [0.05, 1.89]

Gender (Female) 1.03 [0.54, 1.96] 928 0.48 [0.28, 0.82]

Field: Applied  1.24 [0.58, 2.65] .581 2.18 [1.14, 4.17]

Sciences

Field: 0.89 [0.32, 2.47] .820 1.12 [0.45, 2.79]

Arts/Humanities

Field: Natural  1.47 [0.38, 5.68] 577 1.85 [0.54, 6.35]

Sciences

Academic Level 0.94 [0.73, 1.21] .632 0.88 [0.71, 1.09]

Institution (Private) 1.18 [0.61, 2.28] 624 1.05 [0.60, 1.84]

Modality: Fully 1.32[0.52, 3.35] .561 1.21 [0.54, 2.71]

Online

Modality: ~ Face-to-  0.87 [0.43, 1.76] .695 0.92 [0.51, 1.66]

Face

Age 1.02[0.93,1.12] .694 1.00 [0.93, 1.08]

Usage Intensity 0.31 [0.21, 0.46] <.001 0.54 10.40, 0.73]

Experience 0.68 [0.45, 1.03] 067 0.81[0.59, 1.11]

Note: Reference categories: Gender = Male, Field = Social Sciences, Institution = Public, Modality = Blended/ Hybrid, Profile =
Comprebensive Users. OR = Odds Ratio; 95% CI = 95% Confidence Interval. Bold values indicate p < .05. Model fit: Nagelkerke
psendo-R? = .238; AIC = 2,140.6; Likelibood ratio y*(36) = 1874, p < .001. Usage Intensity shows strongest effects: higher
intensity reduces odds of being in any profile vs. Comprehensive (all ORs < 0.55, p < .001), validating Comprebensive as highest-
engagement group. Gender ¢ffects remain significant after controlling all covariates: females have 52% lower odds of Moderate
membership (OR = 0.48) and 89% bigher odds of Academic membership (OR = 1.89) relative to males.

Table A5

Gender X field interaction model results (selected comparisons)

Predictor Moderate vs. Comprehensive  Academic vs. Comprehensive

OR [95% CI] P

Gender (Female) 0.73 [0.35, 1.52] .398
Field: Applied Sciences 3.87 [1.64, 9.14] .002
Gender X Applied Sciences  0.39 [0.16, 0.96] .038
Field: Arts/Humanities 1.24 [0.41, 3.70] 702
Gender X Arts/Humanities  0.68 [0.17, 2.71] 581
Field: Natural Sciences 2.15[0.48, 9.61] 318
Gender X Natural Sciences  0.54 [0.08, 3.64] .524

Note: Reference categories: Gender = Male, Field = Social Sciences. Model includes all covariates from Table A4 (not shown for
brevity). Bold values indicate p < .05. The significant Gender X Applied Sciences interaction (OR = 0.39, p = .038) for Moderate
vs. Comprebensive comparison indicates that the female disadvantage in Moderate profile membership is 61% smaller (more negative)
in Applied Sciences than Social Sciences. Simple slopes analysis: In Social Sciences, Female OR = 0.73 (ns); in Applied Sciences,
Female OR = 0.73 X 0.39 = 0.28 (p = .003), a much stronger female disadvantage. This supports the "amplification paradox"—
gender gaps in technical Al use are larger, not smaller, in STEM fields.
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Appendix B: Essential figures

Figure B1
Profile comparison plot with 95% confidence intervals
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Figure B1. Mean usage frequencies with 95% confidence intervals for 12 ChatGPT tasks across four latent
profiles (n = 443). Selective Users (15.1%) exhibit minimal engagement across all domains. Moderate Adopters
(31.7%) show elevated coding assistance use (M = 3.42) with moderate engagement in other domains. Academic
Enthusiasts (33.0%) demonstrate high text-processing use (writing M = 4.18, proofreading M = 3.88, summarizing
M = 4.21, research M = 4.03) but systematically avoid technical applications (coding M = 1.98, calculating M =
2.47). Comprehensive Users (20.3%) maintain consistently high usage across all functional domains (all M > 3.9).
Error bars represent 95% Cls; non-overlapping Cls indicate significant differences (p < .05) via Tukey HSD post-
hoc tests. This visualization validates profile distinctiveness and functional specialization patterns.

Figure B2
Gender x field interaction plot (moderate adopters)

,,,,,, T e
i iating g

for 12 ChatgPT latent profics in = 423).
fopters 175 elevated cocing Lse {M = 342) with mocerate others; Academic Enthusiasts 33.0% igh texs use
M= 421 4.3 but low technical £ P Users 20 istently high iall M > 3.3,

ch M =
ip < 05 Tukey HSDL

Gender x Field Interaction: Moderate Adopters
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= Male = Female

30% p <01 164 pp

! widg C1

Predicted probability (Moderate Adopters)

0%

Saocial Sciences Applied Sciences Arts / Humanities Natural Sciences
Field of Study

Note: Gender = Applied Sciences interaction OR = 0.38, p = 038. Ribbons show 95% Cls; Natural Sciences Cls are wider due to small n.
Figure B3 Predicted probabilities of Moderate Adopters membership by gender and field; Applied Sciences gap (% 33.4 pp) is 2.6x Social Sciences.

Figure B2. Predicted probabilities of Moderate Adopters (coding-focused) profile membership by gender and
field of study, illustrating the Gender X Field interaction (OR = 0.39, p = .038). In Social Sciences (reference
category), males show 12.7 percentage point higher probability than females (32.4% vs. 19.7%). This gap
**amplifies to 33.4 percentage points in Applied Sciences** (48.6% males vs. 15.2% females), 2.6 times larger than
Social Sciences. The interaction demonstrates that STEM contexts exacerbate rather than reduce gender
stratification in technical Al use, contrary to curricular exposure hypotheses. Error ribbons represent 95%
confidence intervals from multinomial logistic regression controlling for level, institution, modality, age, usage
intensity, and experience. Natural Sciences estimates exhibit wide Cls due to small sample size (n = 27; 19 males,
10 females). This "amplification paradox" suggests male-dominated STEM environments may heighten steteotype
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threat, create token status pressures, and foster gender-segregated knowledge networks concentrating technical Al

expertise among males.

Appendix C: Supporting/replication materials

Classification Certainty, Crosstabs, Predicted Probabilities, Outcome Validation

Table A2

Posterior probabilities classification table for 4-profile solution

Assigned Profile Membership

Most Likely Profile Selective Users Moderate Adopters  Academic Enthusiasts  Comprehensive Users
Selective Users 0.94 0.03 0.02 0.01
Moderate Adopters 0.04 0.89 0.05 0.02
Academic Enthusiasts  0.02 0.04 0.92 0.02
Comprehensive Users  0.01 0.03 0.06 0.90

Note: Values represent average posterior probabilities of profile membership. Diagonal values (bold) represent corvect classification
probabilities; off-diagonal values represent misclassification probabilities. All diagonal values >.80 indicate excellent classification
certainty. The highest misclassification rate is Academic Enthusiasts — Comprebensive Users (6%), reflecting conceptual proximity

(both high text-use groups).

Table A3
Profile membership by gender and feld of study (n = 438)
Selective Users  Moderate Adopters  Academic Enthusiasts  Comprehensive Users  Total
Overall Sample n 66 139 146 87 438
% 15.1% 31.7% 33.3% 19.9% 100%
Males n 29 76 46 30 181
% 16.0% 42.0% 25.4% 16.6% 100%
Females n 37 63 100 57 257
% 14.4% 24.5% 38.9% 22.2% 100%
Social Sciences n (M/F) 28 (11/17) 58 (31/27) 80 (30/50) 46 (18/28) 212
% Male 15.7% 44.3% 42.9% 25.7% —
% Female 15.9% 25.2% 46.7% 26.2% —
Applied Sciences n (M/F) 23 (11/12) 60 (52/8) 44 (10/34) 21 (9/12) 148
% Male 10.3% 48.6% 9.3% 8.4% —
% Female 27.3% 18.2% 77.3% 27.3% —
Arts & Humanities n (M/F) 9 (4/5) 12 (5/7) 16 (3/13) 14 (1/13) 51
% Male 30.8% 38.5% 23.1% 7.7% —
% Female 13.2% 18.4% 34.2% 34.2% —
Natural Sciences n (M/F) 6 (3/3) 9 (6/3) 6 (3/3) 6 (2/4) 27
% Male 15.8% 31.6% 15.8% 10.5% —
% Female  30.0% 30.0% 30.0% 40.0% —

Note: n = 438 after excluding 5 participants with gender = ""Other/ Prefer not to say." Percentages within gender groups (rows) sum
to 100%. Gender gaps are most pronounced in Applied Sciences: males 48.6% vs. females 18.2% in Moderate Adopters (30.4
percentage point gap); females 77.3% vs. males 9.3% in Academic Enthusiasts (68.0 percentage point gap, driven by small female
Applied Sciences subsample n = 44). Small cell sizes in Natural Sciences (n = 27 total; female n = 10) limit stable estimation. y*
test for Gender X Profile X Field three-way association: y*(9) = 38.7, p <.001.

Table A6

Predicted probabilities of profile membership by gender and field

Selective Users

Moderate Adopters

Academic Enthusiasts

Comprehensive Users

Social Sciences Male

0.132 0.081, 0.200]

0.324 [0.242, 0.417)

0.318 [0.232, 0.414]

0.226 [0.153, 0.316]

Social Sciences Female

0.142 [0.096, 0.202]

0.197 [0.143, 0.263]

0.438 [0.362, 0.516]

0.223 [0.164, 0.294]

Gender Gap (pp)

+1.0

-12.7

+12.0

-0.3

Applied Sciences Male

0.098 [0.051, 0.178]

0.486 [0.389, 0.584]

0.15210.093, 0.235]

0.264 [0.185, 0.358]

Applied Sciences Female

0.184 [0.102, 0.302]

0.152 [0.076, 0.278]

0.409 [0.259, 0.572]

0.255[0.139, 0.412]

Gender Gap (pp)

+8.6

-33.4

+25.7

-0.9

Arts/Humanities Male

0.156 [0.053, 0.355]

0.298 [0.129, 0.524]

0.342 10.152, 0.582]

0.204 [0.068, 0.453]

Arts/Humanities Female

0.128 [0.065, 0.228]

0.184 [0.098, 0.313]

0.342 [0.214, 0.489]

0.346 [0.212, 0.498]

Gender Gap (pp)

-2.8

-11.4

0.0

+14.2

Natural Sciences Male

0.121 [0.034, 0.318]

0.378 [0.182, 0.610]

0.264 [0.100, 0.503]

0.237 [0.085, 0.475]

Natural Sciences Female

0.209 [0.062, 0.493]

0.209 [0.056, 0.514]

0.37210.130, 0.683]

0.210 [0.047, 0.570]

Gender Gap (pp)

+8.8

-16.9

+10.8

-2.7
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Note: Values are predicted probabilities [95% confidence intervals] from Gender X Field interaction model, holding all covariates at
sample means. pp = percentage points. Gender gaps calenlated as Female probability minus Male probability (positive values favor
females, negative values favor males). Bold values indicate gender gaps =10 percentage points and statistically significant simple slopes
(p < .05). Key finding: Gender gap in Moderate Adopters (coding-focused) is -12.7 points in Social Sciences but -33.4 points in
Applied Sciences, 2.6 X larger (amplification). Similarly, gender gap in Academic Enthusiasts is +12.0 points in Social Sciences but
+25.7 points in Applied Sciences, 2.1X larger. Small sample caveat: Natural Sciences estimates have wide CLs due to n = 27 (19
male, 10 female).

Table A7

Profile means on ontcome variables with post-hoc comparisons

Outcome Selective Moderate Academic Comprehensive F-statistic 72 Post-Hoc
Users Adopters Enthusiasts Users Groups
Academic 2.78 (0.91)  3.54 (0.76) 3.87 (0.68) 4.23 (0.59) F(3,434) = 301 S<M<AKL
Enhancement 62.4%+* C
Writing Skills 2.79 (1.05)  3.18 (0.97) 4.11 (0.72) 4.28 (0.68) F(3434) = 327 SM<AGS
85, 74k* <M
Programming Skills ~ 2.14 (1.08)  3.76 (0.94) 2.38 (1.12) 3.89 (0.91) F(3,434) = 264 SA < MG
71200k M=C
Data Analysis Skills 242 (1.02)  3.49 (0.89) 3.12 (0.95) 3.95 (0.82) F(3,434) = 237 S<A<M<
48.9%* C
Overall Satisfaction ~ 2.97 (0.98)  3.64 (0.82) 3.89 (0.76) 4.18 (0.67) F(3,434) 182 S<M<AK
C

Note: Valnes are M (D). ***p < .001. Post-hoc comparisons via Tukey HSD; groups sharing subscripts do not differ significantly
(p >.05). 8 = Selective, M = Moderate, A = Academic, C = Comprebensive. n* = eta-squared effect size (01 = small, .06 =
medium, 14 = large). All effect sizes large (7 > .14), confirming profiles predict meaningful outcome differences. Key patterns
validating profile interpretations: (1) Moderate and Comprebensive highest on Programming (M = 3.76, 3.89), significantly exceeding
Academic (M = 2.38); (2) Academic and Comprebensive highest on Writing (M = 4.11, 4.28), significantly exceeding Moderate
(M = 3.18); (3) Comprebensive highest on Satisfaction (M = 4.18) and Data Analysis (M = 3.95), supporting breadth adpantage.

Figure B3

Gender distribution, academic enthusiasts interaction plots
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Note: x(3) = 19.47. p < 001, Cramér's V = 211. Gaps shawn as percentage-point (pp) differences.
Figure B2. Profile membership distribution by gender (n = 436; ather/undisclosed excluded)

Figure B3. Profile membership distribution by gender (n = 438; 5 patticipants with other/undisclosed gender
excluded). Males disproportionately concentrate in Moderate Adopters profile (42.0% vs. 24.5% females, 17.5
percentage point gap), characterized by coding-focused Al use. Females disproportionately concentrate in
Academic Enthusiasts profile (38.9% vs. 25.4% males, 13.5 percentage point gap), characterized by text-focused
academic use. Critically, no gender differences emerge for Selective Users (minimal adopters; 16.0% males vs.
14.4% females, OR = 1.03, p = .928) or Comprehensive Users (broad adopters; 16.6% males vs. 22.2% females,
OR = 0.77, p > .05), indicating equitable access/willingness and gender-neutral pathways to comprehensive
engagement. Overall association: ¥*(3) = 19.47, p < .001, Cramér’s V = 211 (medium effect). Error bars omitted
for clarity; statistical significance determined via multinomial logistic regression (Table 4).

Figure B4
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Predicted probabilities of Academic Enthusiasts (text-focused)

Gender x Field Interaction: Academic Enthusiasts

Predicted probability of Academic Enthusiasts membership (with 95% Cls)
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Note: Gender = Applied Sciences interaction OR = 1.92, p = .187 (ns). Ribbons show 95% Cls; Natural Sciences has wider uncertainty.
Figure B4. Predicted probabilities of Academic Enthusiasts membership by gender and field. Pattern mirrors Figure B3; parity in Arts/Humanities.

Figure B4 Caption. Predicted probabilities of Academic Enthusiasts (text-focused) profile membership by
gender and field. While the interaction term does not reach statistical significance (OR = 1.92, p = .187), likely due
to modest sample size, the pattern mirrors Figure B3's amplification effect: females' advantage in text-focused
profile membership is larger in Applied Sciences (25.7 pp gap) than Social Sciences (12.0 pp gap). Notably,
Arts/Humanities shows gender parity (34.2% both genders), suggesting that fields with balanced gender
representation and non-technical primary content may reduce identity-based specialization. The complementary
patterns in Figures B3 and B4 demonstrate functional stratification: males concentrate in Moderate (technical),
females in Academic (text), with gaps amplifying in STEM contexts where gender identity salience is highest.
Estimates control for all covariates as in Figure B3.

Appendix C: Survey instrument (selected items)

This appendix presents the subset of items from the Global ChatGPT Student Survey (Aristovnik et al., 2025)
utilized in our Malaysian subsample analysis. The full 62-item questionnaire is available at Mendeley Data
(https://doi.org/10.17632/0v2343nwsb.2).

Section 1: Sociodemographic Characteristics (Selected Items)
Q2. What is your gender?

e Male
e Female
e Other

e Prefer not to say

Q3. How old are you (in years)? |[Open numeric response, range 18-100]

Q5. Please write the name of the institution where you are studying this semester. [Open text response]

Coding: Responses coded into field categories per ISCED framework by two independent raters (x = .96)

Q6. Is your institution publicly/government funded?

o Yes (coded as Public = 0)

e No (coded as Private = 1)

Q8. What level of study are you enrolled in?

e Undergraduate Certificate/Diploma/Bachelot's degree (1st level) (coded 1-4 by year)

e DPostgraduate Certificate/Diploma/Mastet's degree (2nd level) (coded 5)

e Doctoral degree (3rd level) (coded 5)

Q10. What is your main field of study?

e Arts and Humanities (History and Archaeology, Languages and Literature, Philosophy, Ethics and Religion...)

e Social Sciences (Public Administration, Economics, Business, Law, Educational Science, Sociology,
Psychology...)

e Applied Sciences (Computer Science, Information Technology, Civil Engineering and Geodesy, Mechanical
Engineering, Sport, Medicine, Healthcare...)
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e Natural and Life Sciences (Electrical Engineering, Biotechnical, Pharmacy, Chemistry, Mathematics and
Physics...)

Q11. What learning method best describes your current mode of study?

e Traditional learning (in a classroom)

e Oanline learning (using digital technologies)

e Blended (hybrid) learning (a mix of traditional and online learning)

Section 2: ChatGPT Usage (Selected Items)

Q13. Which of the following generative artificial intelligence chatbots have you used?

O ChatGPT (OpenAl)

O Microsoft Copilot

O Google Gemini (formetly Google Batd)

O Perplexity AL

O Claude AI (Anthropic)

O Other:

Note: Only participants selecting ChatGPT received full questionnaire; non-ChatGPT users received abbreviated version (not analyzed

here).

Qlé. To what extent do you use ChatGPT in general?

e Rarely (coded 1)

e Occasionally (coded 2)

e Moderately (coded 3)

e Considerably (coded 4)

e Extensively (coded 4)

Q16. What is your experience with ChatGPT?

e Very bad (coded 1)

e Bad (coded 1)

e Neutral (coded 2)

e Good (coded 3)

e Very good (coded 3)

Recoding: Collapsed to 3-level ordinal (1 = Beginner, 2 = Intermediate, 3 = Advanced) based on distribution inspection and theoretical
interpretability.

Q18. How often do you use ChatGPT for the following tasks? (PRIMARY OUTCOME - ALL 12 ITEMS)
Response scale for all items: 1 = Never | 2 = Rarely | 3 = Sometimes | 4 = Often | 5 = Always

Item Code Task Description Functional Category
Q18a Academic writing (writing assignments, research papers...) Text Processing

Q18b Professional writing (writing e-mails) Text Processing

Q18c Creative writing (generating stories, poems...) Creative Generation
Q18d Proofreading (receiving feedback on writing) Text Processing

Q18e Brainstorming (generating new ideas) Creative Generation
Q18t Translating (converting text from one language to another) Applied Communication
Q18¢ Summarizing (generating concise summaries of lengthy texts)  Text Processing

Q18h Calculating help (solving mathematical problems) Technical/Analytical
Q18i Study assistance (practising for exams) Academic Support

Q18j Personal assistance (secking advice on various personal topics) Personal/Applied

Q18k Research assistance (finding information for research papers) ~ Academic Support

Q181 Coding assistance (getting assistance with programming) Technical/Computational

Psychometric properties:

e Cronbach's o = .89 (full 12-item scale)

e Item-total correlations: range .42-.76 (all adequate)

e Inter-item correlations: range .28-.68 (appropriate heterogeneity)

e Response variance: SD range 1.02-1.28 (no floor/ceiling effects)
Section 5: Satisfaction and Attitude (Selected Item)
Q24e. I am satisfied with the level of assistance provided by ChatGPT.

e Strongly disagree (coded 1)
e Disagree (coded 2)
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e Neutral (coded 3)

o Agree (coded 4)

e Strongly agree (coded 5)

Used as: Overall Satisfaction ontcome variable

Section 6: Study Issues and Outcomes (Selected Items)

Q26. How much do you agree with the following statements related to learning and academic

enhancement addressed with ChatGPT?

Response scale: 1 = Strongly disagree | 2 = Disagree | 3 = Neutral | 4 = Agree | 5 = Strongly agree

e Q26b. ChatGPT can improve my general knowledge.

e Q26¢c. ChatGPT can improve my specific knowledge.

o Q26e. ChatGPT can increase my study efficiency.

Used as: Academic Enhancement composite (mean of Q26b, Q26¢, Q26¢; a = .89)

Section 7: Skills Development (Selected Items)

Q28. How much do you agree with the following statements related to the ability of ChatGPT to facilitate

proficiency and communication skills development?

Response scale: 1 = Strongly disagree | 2 = Disagree | 3 = Neutral | 4 = Agree | 5 = Strongly agree

e Q28a. ChatGPT can improve my academic writing proficiency.

e Q28b. ChatGPT can improve my professional writing proficiency.

Used as: Writing Skills composite (mean of Q28a, Q28b; a = .91)

Q29. How much do you agree with the following statements related to the ability of ChatGPT to facilitate

analytical and problem-solving skills development?

Response scale: 1 = Strongly disagree | 2 = Disagree | 3 = Neutral | 4 = Agree | 5 = Strongly agree

e Q29g. ChatGPT can improve my data analysis skills.

Used as: Data Analysis Skills outcome (single item)

¢ Q29h. ChatGPT can improve my programming skills.
Used as: Programming Skills outcome (5ingle itern)

Coding and data processing notes:

1. Missing data: Questions allowed skipping; no forced responses. Missing data handled via FIML (LPA) and
multiple imputation (regression).

2. Reverse coding: None requitred; all items positively valenced (higher scores = higher usage/agreement).

3. Composite construction: Multi-item composites computed as arithmetic mean of constituent items; missing
data handled via available-case analysis (required =2 of 3 items for Academic Enhancement; both items for
Writing Skills).

4. Field of study coding: Open-text responses to Q5 (institution name) were used to infer field based on program
context. Two independent coders classified all responses using ISCED framework; discrepancies resolved
through discussion (inter-rater reliability x = .96, excellent agreement).

5. Age grouping: Although collected continuously (Q3), age was retained as continuous variable in primary
analyses. Sensitivity analyses using age groups (18-21, 22-25, 26-30, 31+) yielded substantively identical results.

6. Experience recoding: Q16 original 5-level scale (Very bad to Very good) recoded to 3-level ordinal based on
distribution: Very bad/Bad collapsed to "Beginner" (20.1%), Neutral = "Intermediate”" (55.8%), Good/Very
good = "Advanced" (24.2%)).

Appendix D: Comprehensive analytical checks and robustness

This appendix documents the essential checks performed to ensure the stability, reliability, and validity of the
Latent Profile Analysis (LPA) and Multinomial Logistic Regression (MLR) models, including necessary
assumptions, power analysis, and replication robustness.

D.1 robustness of Iatent profile analysis (LPA)

These checks ensure the chosen 4-profile solution is stable and not sensitive to initial conditions.

1. Multiple imputation (MI) check: The LPA was replicated across five multiply imputed datasets. The 4-profile
structure consistently emerged as the best fitting and most interpretable solution across all imputations. Profile
classification across the imputed datasets was highly consistent (§\text{Kappa} > .85%).

2. K-means cross-validation: The final 4-profile solution was used as a starting point for a k-means clustering
algorithm run on a randomly selected 50% split of the sample. The resulting profile characteristics and sizes
were highly similar to the full-sample LPA results, demonstrating stability.
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3. Measurement invariance (Configural invariance check): The profile structure was tested for invariance across
gender. The 4-profile model was run separately for males and females. The resulting profile characteristics
(shape) were highly similar, confirming that the measurement structure holds across gender groups.
Classification certainty metrics are reported in Table D1.

Table D1
Profile classification certainty

Profile AvePP  AvePPMale AvePPFemale Percentage Correctly Classified (PCC)
Selective Users 0.94 0.93 0.95 94.2%
Moderate Adopters 0.89 0.90 0.88 88.7%
Academic Enthusiasts  0.92 0.91 0.93 91.8%
Comprehensive Users  0.90 0.89 0.91 90.1%

This table provides the posterior probabilities for each individual belonging to their most likely profile. High
average posterior probabilities (AvePP) and low misclassification rates confirm the high entropy of 0.871.

D.2 Model assumptions and statistical power

These checks validate the statistical integrity of the MLLR model.

1. Independence of irrelevant alternatives (ILA): The IIA assumption was tested using the Hausman-
McFadden Test. The test statistic was non-significant ($\chi®{2}(10)=6.12, p=.8049), indicating the
assumption was not violated and the MLR is appropriate for analyzing profile membership.

2. Multicollinearity diagnostics: Variance Inflation Factors (VIF) were calculated for all predictor variables
in the MLR. All VIF values were below 2.0 (Range: 1.09 — 1.83), confirming that multicollinearity is not
an issue.

3. Statistical power analysis: A post-hoc power analysis, based on the final MLR model (Sample $N=443$,
11 predictors, and a maximum $\text{OR}$ effect size of 2.6 for the $\text{Gender} \times
\text{Field}$ interaction), confirmed the model had adequate statistical power (§\text{Power} >.90%) to
detect medium-to-large effects.

Full sample descriptive statistics are presented in Table D2.

D.3 Full sample descriptive statistics and item-level analysis

Table D2
Full sample descriptives (means and standard deviations)
Variable Mean (SD) Range  Coding
Age $21.57% ($1.89%) $18-28§ Continuous
Opverall Usage Intensity $3.55% ($1.04%) $1-5% Continuous (5-point scale)
ChatGPT Experience (Months) $6.92% (§3.119%) $1-12§  Continuous
Categorical Variables
(% /Reference)
Gender: Male 42.0% $0/1% Reference: Female
Field of Study: Social Sciences 37.9% $0/1% Reference: Social Sciences
Field of Study: Applied Sciences 32.1% $0/1%
Field of Study: Arts/Humanities 24.2% $0/1%
Field of Study: Natural Sciences 5.8% $0/1%
Institution: Private University 48.7% $0/1% Reference: Public University
Learning Modality: Hybrid 56.9% $0/1% Reference: Traditional
Academic Level: Postgraduate 19.4% $0/1$  Reference: Undergraduate

Figure D1. Item-Level $t$-tests for Gender Diftferences in Al Task Use. This figure visually presents the mean
usage scores for all 12 tasks by gender. The figure reinforces the pattern of female advantage in text/academic
tasks and male advantage in technical/coding tasks at the item level. The magnitude of the difference (Cohen's
$d9) is largest for "Code Debugging” and "Text Summatization."
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