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Abstract

Generative artificial intelligence (Al) is rapidly transforming higher education, yet compara-
tive evidence from diverse international settings remains limited. This cross-national study
examined undergraduate students” adoption and perceived academic impact of generative
Al tools at institutions in Indonesia, Tajikistan, and the United States. A harmonized online
survey was administered to 584 undergraduates during Spring 2026 (Indonesia n = 235;
Tajikistan n = 226; United States n = 123). The survey assessed Al familiarity, adoption
patterns, frequency and purpose of use, perceived academic impact, and factors encour-
aging Al engagement. Al adoption differed significantly across sites, with the highest
adoption observed in Indonesia (84.3%), followed by Tajikistan (67.7%) and the United
States (47.2%). These differences remained significant after adjustment for demographic
and educational variables. Self-rated Al familiarity was the strongest predictor of both
adoption and perceived academic benefit across all three settings. Differences across sites
persisted even after accounting for participants” academic discipline. The perceived-impact
scale demonstrated excellent internal consistency (Cronbach’s « = 0.907). Brainstorming,
writing assistance, and broader task diversification were associated with higher perceived
benefit. Exploratory analyses found limited evidence linking learning-style preferences to
Al use patterns. The findings highlight the importance of institutional context, self-rated Al
familiarity, and curriculum integration in shaping student engagement with generative AL

Keywords: generative artificial intelligence; higher education; cross-national study; Al
literacy; technology adoption; ChatGPT; perceived academic impact; educational technology

1. Introduction

Generative artificial intelligence (AI) has emerged as one of the most consequential
technological developments in contemporary higher education. Since the public release of
large language model (LLM) platforms such as ChatGPT, Gemini, Claude, and Perplexity
Al, students have rapidly integrated generative Al into everyday academic practices,
including studying, writing, brainstorming, coding, translation, and information retrieval.
Adoption has outpaced the development of institutional policy, pedagogical guidance, and
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empirical evidence, and undergraduate students are now among the earliest and most
intensive adopters of these technologies worldwide.

The educational implications of this rapid adoption remain contested (Francis et al.,
2025). Advocates contend that generative Al can enhance learning efficiency, creativ-
ity, accessibility, and personalization, and emerging evidence suggests it can improve
brainstorming, drafting, and self-directed learning when integrated appropriately. Critics,
however, raise concerns about academic integrity (Annas & Nugraha, 2026), overreliance
on automated systems, bias amplification, misinformation, and the erosion of critical
thinking (Tahir & Zahra, 2026; Jin et al., 2025). Recent scholarship has therefore moved
beyond polarized debates toward more nuanced examinations of how students actually
use generative Al in authentic settings (Perkins, 2023) and how institutional context shapes
those behaviors.

Despite this rapidly expanding literature, important gaps remain. Most published
research consists of single-institution studies from high-income English-speaking countries,
often with a focus on computer science students (Zou et al., 2026), and cross-national
comparative investigations remain rare (Jin et al., 2025; Marmolejo-Ramos et al., 2026). As a
result, relatively little is known about how Al adoption differs across institutional contexts,
linguistic environments, and educational cultures. This gap is especially pronounced
for low- and middle-income settings and for regions underrepresented in educational
technology research, including Central Asia and parts of Southeast Asia.

A growing body of research suggests that institutional and contextual factors may
matter more than individual demographics in shaping educational Al adoption (Sergeeva
et al., 2025). Faculty endorsement, policy clarity, technological accessibility, curriculum in-
tegration, and Al literacy training all appear to shape whether students view generative Al
as academically legitimate and beneficial. Emerging frameworks, therefore, conceptualize
Al adoption as a sociotechnical, ecosystem-level phenomenon arising from interactions
among institutional governance, disciplinary culture, technological infrastructure, and
learner characteristics rather than as an individual technology acceptance problem alone
(Chiu, 2025; Dong et al., 2025).

A separate, more exploratory question concerns whether learners with different self-
reported modality preferences preferentially adopt different categories of multimodal Al
tools. Although the broader educational utility of learning-style frameworks such as VARK
remains contested (Brennan & Barbon, 2026; Marwaha & Sharma, 2025), the proliferation
of multimodal Al systems makes the alighment between modality preferences and Al tool
selection an empirical question worth describing, even if not a primary focus of the present
study (Pashler et al., 2008).

Conceptual Framework

The present study is guided by a conceptual framework that integrates three comple-
mentary perspectives on educational Al adoption. First, drawing on the Unified Theory
of Acceptance and Use of Technology (UTAUT2) (Sergeeva et al., 2025), we treat adoption
as a function of perceived usefulness, ease of use, and facilitating conditions—faculty
endorsement, curriculum integration, and institutional policy—rather than individual
attitudes alone. Second, we adopt an Al literacy lens, conceptualizing Al literacy as a
multidimensional competency encompassing technical understanding, ethical awareness,
critical evaluation, responsible use, and confidence in interacting with Al systems (Chiu,
2025; Dong et al., 2025). In the present study, this construct is partially operationalized
through self-reported Al familiarity. Given that self-reported familiarity primarily taps into
confidence and prior exposure rather than the full multidimensional construct, we regard it
throughout as a partial indicator, or proxy, for Al literacy, rather than as an exhaustive mea-
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sure of the construct as articulated in recent frameworks (Ng et al., 2021). Third, we situate
adoption within a sociotechnical ecosystem in which institutional governance, disciplinary
culture, technological infrastructure, and learner characteristics jointly shape whether and
how students engage with generative Al Together, these perspectives motivate the study’s
comparative, multi-institutional design and direct analytic attention to both individual-level
predictors (familiarity, prior exposure) and contextual moderators (institution, discipline,
language environment). Within this framework, learning-style preferences are treated as a
descriptive, exploratory dimension rather than a core explanatory construct.

The present study addresses these gaps through a cross-national comparative investi-
gation of undergraduate Al tool use across three higher education environments: Hostos
Community College of the City University of New York (United States), Universitas Na-
sional (Indonesia), and the Medical-Social Institute of Tajikistan. These three settings were
selected to maximize variation in the institutional and national conditions thought to shape
generative Al adoption, rather than as a representative sample of their respective countries.
They differ in institutional type (a U.S. open-access community college, an Indonesian
private comprehensive university, and a Tajik specialized health-sciences institute), in the
dominant language of instruction and survey administration (English; English within
a primarily Indonesian-speaking environment; and Russian), and in national economic
context (one high-income and two middle-income countries). They also span different
higher-education systems, levels of digital infrastructure, and degrees of institutional Al
policy maturity. This purposive, maximum-variation design allows the study to examine
whether patterns of adoption and perceived impact recur across heterogeneous contexts
or instead track specific institutional and linguistic conditions; consistent with this aim,
the three sites proved to differ substantially in their realized Al tool ecosystems and in
the factors students identified as encouraging further use (Section 3). The study pursues
a hierarchy of analytic aims. The primary, confirmatory objectives are: (1) to character-
ize differences across the three institutional sites in Al adoption, frequency of use, and
perceived educational impact; and (2) to identify the individual- and institutional-level
factors most strongly associated with Al adoption and perceived benefit. A secondary
objective is to evaluate the psychometric performance of a seven-item perceived-impact
scale for use in future cross-institutional Al research. An exploratory objective is to describe
whether students with different learning-style preferences (VARK) tend to gravitate toward
different categories of Al tools; given the ongoing debate over the validity of learning-style
frameworks, this analysis is treated as hypothesis-generating rather than confirmatory. This
explicit hierarchy guides the interpretation of statistical results throughout the manuscript.

These aims correspond to four explicit research questions. RQ1 (confirmatory): How
do Al adoption, frequency of use, and perceived academic impact differ across the three
institutional sites? RQ2 (confirmatory): Which individual- and institutional-level factors are
most strongly associated with Al adoption and perceived benefit? RQ3 (secondary): Does
the seven-item perceived-impact scale show adequate psychometric performance for cross-
institutional use? RQ4 (exploratory): Do students with different learning-style (VARK)
preferences gravitate toward different categories of Al tools? RQ1 and RQ?2 are confirmatory,
RQ3 is secondary, and RQ4 is treated as exploratory and hypothesis-generating.

By integrating cross-national comparison, Al literacy analysis, and task-specific educa-
tional use within a single harmonized framework, the present investigation contributes
new evidence to the emerging literature on generative Al in higher education. The inclu-
sion of undergraduate populations from Indonesia and Tajikistan addresses a substantial
geographical gap in existing research and offers insight into how generative Al adoption
unfolds beyond the high-income Western contexts that currently dominate the literature
(Marmolejo-Ramos et al., 2026).
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2. Materials and Methods
2.1. Research Sites

This study employed a non-experimental, cross-sectional, anonymous online survey
design to examine undergraduate students” adoption and perceived academic impact of
generative artificial intelligence (AI) tools, and to explore associations between learning-
style preferences and Al use. Data were collected in parallel at three partner institutions:

Hostos Community College, City University of New York (CUNY), Bronx, NY 10451, USA;

Universitas Nasional, Jalan Sawo Manila 61, Jakarta 12520, Indonesia;

Medical-Social Institute of Tajikistan, Dushanbe 734042, Republic of Tajikistan.

Each site used the same instrument and operational procedures, allowing pooled
analysis and site-level comparisons. Because each national context is represented by a
single institution, between-site differences cannot be attributed to the country per se;
throughout this article, we therefore interpret them as differences across three institutional
sites located in different national contexts, recognizing that such differences may reflect
a combination of country, institution, disciplinary composition, language of instruction,
local Al policy, and tool availability. Country labels are retained as shorthand for these
institutional sites rather than as estimates of national-level effects. The study was conducted
in accordance with the Declaration of Helsinki (World Medical Association, 2025).

2.2. Participants and Eligibility

Participants were undergraduate students enrolled at one of the three partner insti-
tutions at the time of survey completion. Inclusion criteria were (i) current enrolment as
an undergraduate, and (ii) age > 18 years. Eligibility was verified through a screening
item at the start of the instrument; respondents who did not meet both criteria were exited
automatically and no response was recorded. A non-probability convenience sampling
strategy was used at all three sites. The final analytic dataset comprised 584 valid responses
(Indonesia n = 235; Tajikistan n = 226; United States n = 123). Participation was voluntary
and uncompensated. No academic incentive (e.g., extra credit) was tied to participation,
and recruitment materials explicitly stated that the decision to participate or to withdraw
would have no effect on grades, academic standing, or any relationship with course instruc-
tors. Respondents could skip any item or exit the survey at any time prior to submission;
partially completed responses were not used to identify individuals.

2.3. Survey Instrument

Data were collected using a self-administered online questionnaire hosted on Microsoft
Forms via the Hostos Microsoft 365 for Education tenant. The same instrument was
deployed at all three sites. The survey was administered in English at the United States
and Indonesian sites and in Russian at the Tajik site, where students are fluent in Russian.
For the Tajik administration, the instrument was translated from English into Russian and
back-translated into English by two bilingual members of the research team (V.D. and S.S.),
both fluent in both languages, to verify semantic equivalence. Because no formal cognitive
pretesting or local pilot was undertaken, this procedure affords semantic-equivalence
assurance rather than full cross-cultural validation. At the Indonesian site, the instrument
was administered in English to a predominantly non-native-English-speaking population.
The implications of these features for cross-site comparability are considered in Section 4.
The instrument consisted of three sections; the items used in the present analyses are
described below.
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2.3.1. Demographics and Background

Five items captured age group (eight ordered categories: <18, 18-21, 22-25, 26-30,
31-35, 3640, 41-50, >50; respondents indicating <18 were excluded by the eligibility
screen), first language (English, Spanish, Other), gender (Female, Male, Prefer not to say),
the courses in which the respondent was currently enrolled (open-ended; used to classify
discipline post hoc), and prior experience or formal education in computer science, data
science, or Al-related fields (Yes/No).

2.3.2. Al Familiarity, Adoption, and Use

Six items captured (i) self-rated familiarity with the concept of Al on a 5-point scale
(“Not at all familiar” to “Extremely familiar”); (ii) Al tool adoption status (Yes/No/Maybe);
(iii) awareness or use of specific tools, with a multiple-response checklist (ChatGPT, Gemini,
Copilot, Grammarly, QuillBot, Perplexity Al, DALL-E/Stable Diffusion, Other); (iv) free-
text identification of the most frequently used tool; (v) frequency of use for academic or
professional purposes (Daily, Weekly, Monthly, Rarely, Never); and (vi) types of tasks for
which Al was used, as a multiple-response checklist of nine task categories (studying and
learning; brainstorming; writing assistance; coding and programming support; data analy-
sis or visualization; language learning; presentation and design support; administrative
tasks; Other). A subsequent open-ended item invited respondents to elaborate on how Al
had supported the task category they selected.

2.3.3. Perceived Impact and Usefulness

The perceived impact of Al on academic performance was assessed using 7 items,
each scored on a 5-point ordinal scale (1 = Not at all, 2 = Slight impact, 3 = Moderate
impact, 4 = Strong impact, 5 = Significant impact). The seven domains were: ability to learn
and understand new material; efficiency in completing assignments; quality of writing
and communication; creativity in problem-solving or projects; preparation for exams
or assessments; ability to analyze and interpret data; and collaboration or group-work
experience. A separate single-item global rating captured overall perceived usefulness
of Al tools in academic work (5-point scale: “Extremely useful” to “Not at all useful”).
A multiple-response item asked what would encourage greater Al use (six pre-specified
categories plus “Other”).

2.3.4. Learning-Style Preferences

Learning-style preferences were assessed using the VARK Questionnaire version 9.2
(Visual, Auditory, Reading/Writing, Kinesthetic), administered in its standard 16-item
multiple-response format. Respondents were instructed to select the option(s) that best
matched their preferences for each scenario and to leave any item that did not apply
blank. The four VARK scale scores were derived per the questionnaire’s published scor-
ing rules. Because VARK profiles are non-exclusive (a respondent may endorse one or
more modalities), each respondent’s profile was re-expressed for analysis as four binary
modality-endorsement indicators (V, A, R, K), together with a count of modalities endorsed
and a unimodal/multimodal status indicator. These two coding schemes—binary endorse-
ment of each modality, and unimodal vs. multimodal profile—are used in the analyses
reported below.

2.4. Data Collection Procedures

The survey was hosted on a password-protected Microsoft 365 for Education tenant
accessible only to the principal investigator at the Hostos site, with parallel arrangements
at the partner sites. Respondents accessed the survey via a hyperlink or QR code and
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completed it in a single session of approximately 15-20 min at a time and place of their own
choosing. The form was configured to collect responses anonymously: no names, e-mail
addresses, IP addresses, or institutional identifiers were captured. Data collection was con-
ducted during the Spring 2026 academic semester, with the survey open for approximately
three to four weeks; the partner sites collected data using the same instrument across the
same overall study period. No follow-up contact, repeated measures, or linked records
were involved.

2.5. Data Management, Privacy, and Confidentiality

Upon survey closure, the raw response file was exported to Microsoft Excel and trans-
ferred to an encrypted, password-protected folder on a college-owned, firewall-protected
desktop computer located in the principal investigator’s locked office. No research data
were stored on personal devices, removable media, or non-institutional cloud services.
Access to the dataset was limited to the principal investigator and approved research
team members trained in human-subjects research and data confidentiality. The combined
three-country dataset analyzed here was assembled by harmonizing the three site files
into a single de-identified workbook; only de-identified, aggregate results are reported.
In accordance with the approved protocol, electronic files will be retained for a minimum
of three years following the study closure and permanently deleted thereafter; no paper
records or biospecimens were collected.

2.6. Data Preparation and Variable Construction

Data preparation and statistical analyses were conducted in Python 3.12.3 using
pandas 3.0.2, NumPy 2.4.4, SciPy 1.17.1, and statsmodels 0.14.6, with pairwise complete
cases; no imputation was used. [Please remove: Data preparation was conducted in
Python 3 using the pandas, NumPy, SciPy, and statsmodels libraries]. The following
standardization steps were applied to the combined file before analysis:

Whitespace, stray non-breaking characters, and trailing-space variants in categorical
fields (e.g., “Yes” vs. “Yes” in Prior experience; two encoding variants of the “>50" age
category) were harmonized.

Familiarity (1-5), frequency (0 = Never to 4 = Daily), usefulness (1-5), and age group
(1 =18-21 to 7 = >50) were assigned ordinal numeric codes for non-parametric and regres-
sion analyses.

A composite perceived-impact score was computed as the unweighted mean of the
seven impact items for each respondent; internal consistency was evaluated using Cron-
bach’s & overall and within each site.

Discipline was derived from the open-ended course-enrolment item by keyword
classification into broad categories (Health & Life Sciences; Social Sciences & Humanities;
Natural Sciences & Engineering; Multiple-discipline; Other). This derived variable was
used both as a stratifier in the analyses described in Sections 2.7.4 and 2.7.7 and as the basis
of the sensitivity analysis in Section 2.7.9.

Tool prevalence was derived from the multiple-response “Al tools” and free-text “Most
frequently used” fields by case-insensitive keyword matching against a pre-specified list
of platforms.

The multiple-response items “Types of tasks” (eight task categories) and “What would
encourage you to use Al tools more frequently” (five pre-specified factors) were each
decomposed into a set of binary indicators by case-insensitive keyword matching of each
respondent’s response string against the pre-specified option labels. Each binary indicator
was used as either an outcome (cross-site prevalence) or a predictor (selection vs. non-
selection) in the analyses described in Section 2.7.7.
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The seven perceived-impact items were stored in two label variants in the raw export
(e.g., “3) Moderate impact” and “Moderate impact”); both label variants were mapped
to the same numeric code (1 = Not at all impact, 2 = Slight impact, 3 = Moderate impact,
4 = Strong impact, 5 = Significant impact).

Item-level missingness was concentrated in the impact, usefulness, frequency, task-
type, and elaboration items, which were administered conditionally on Al adoption; miss-
ingness on these items is therefore structurally non-random and follows from the survey’s
branching logic rather than from item-level non-response. Inferential analyses involving
the impact items were restricted to confirmed Al users (1 = 409) unless otherwise stated.

2.7. Statistical Analysis

All analyses were conducted in Python 3 (pandas 3.0.2, SciPy 1.17.1, and statsmodels
0.14.6). Generative Al tools (Claude, Anthropic, Opus 4.7) were used to assist with code
drafting, data-visualization support, and language editing under direct author supervision;
all statistical analyses, interpretations, and manuscript content were verified by the authors.
Statistical significance was set at o = 0.05 (two-tailed). Where multiple pairwise com-
parisons followed an omnibus test, p-values were Bonferroni-adjusted within the family
of comparisons.

2.7.1. Hierarchy of Analyses: Primary, Secondary, and Exploratory

To guard against inflated Type I error across the many comparisons reported below,
analyses are organized into three tiers and interpreted accordingly. The primary, confir-
matory analyses are: (i) the cross-site comparison of Al adoption status (chi-square test
of independence) and of the composite perceived-impact score among adopters (Kruskal-
Wallis with Bonferroni-corrected pairwise contrasts); and (ii) the multivariable logistic
regression of active Al use on site, gender, age group, prior CS/AI exposure, and Al
familiarity. Secondary analyses include a multivariable OLS model of composite impact
among adopters, a cross-site comparison of familiarity, frequency, and usefulness, and a
sensitivity analysis restricted to Health & Life Sciences respondents. All other analyses—
per-item impact comparisons across the seven impact domains, site-stratified correlations,
multi-response task and encouragement-factor analyses, discipline-stratified comparisons,
modality—tool and modality—task tests, and the open-ended thematic analysis—are treated
as exploratory and reported descriptively. Exploratory tests are not formally adjusted
beyond the corrections noted in the primary and secondary analyses, and their p-values
should be read as effect-size descriptors rather than as confirmatory significance tests. The
pre-registered VARK-related hypotheses (H1, H2) are also reported as exploratory because
the dominance of text-based chatbots in the realized tool ecosystem (Section 3.10) effectively
neutralizes the modality contrast presupposed by the hypotheses.

2.7.2. Descriptive Statistics

Categorical variables were summarized as frequencies and percentages; ordinal and
continuous variables were summarized as means with standard deviations and medians.
Composite-impact scores were reported overall and stratified by site.

2.7.3. Reliability

Internal consistency of the seven-item perceived-impact scale was evaluated using
Cronbach’s &, computed on cases with complete data on all seven items, both overall and
within each site sub-sample.
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2.7.4. Bivariate Associations

Associations between Al adoption status (Yes/Maybe/No) and categorical predictors
(site, gender, age group, first language, prior CS/ Al exposure, familiarity) were evaluated
using Pearson’s chi-square test of independence with Cramér’s V as an effect-size measure
(interpretive guidelines: <0.10 negligible; 0.10-0.20 small; 0.20-0.40 moderate; >0.40 large).
Tests were conducted on the pooled sample and stratified by site.

Cross-site comparisons of ordinal outcomes (familiarity, frequency, usefulness, com-
posite impact, and the seven impact items) were conducted using the Kruskal-Wallis H
test, followed by pairwise Mann-Whitney U tests with Bonferroni correction. Rank-biserial
correlation was reported as a non-parametric effect-size estimate for pairwise contrasts.

2.7.5. Correlations

Associations among the ordinal variables of interest (familiarity, frequency, usefulness,
composite impact, age) were estimated using Spearman’s rank correlation coefficient,
overall and stratified by site, and the sample was restricted to confirmed Al users.

2.7.6. Multivariable Models

To estimate the independent contribution of country and individual-level covariates
to Al adoption, a multivariable binary logistic regression was fit with active Al use (Yes vs.
No or Maybe) as the outcome and site, gender, age group (treated as ordinal), prior CS/Al
exposure, and familiarity (treated as ordinal) as predictors. Adjusted odds ratios with 95%
confidence intervals and McFadden'’s pseudo-R? are reported.

To estimate the determinants of perceived impact among adopters, an ordinary least-
squares linear regression fit on the Al-user sub-samples (n = 409) with composite impact as
the outcome and site, gender, age group, familiarity, and frequency as predictors. Unstan-
dardized coefficients with 95% confidence intervals and the model R? are reported.

2.7.7. Multi-Response Item and Discipline Analyses

For each binary indicator derived from the multi-response items (eight task-category
indicators from “Types of tasks”; five factor indicators from “What would encourage greater
Al use”; the eight Al tool indicators described in Section 2.7), three families of analyses
were conducted. Site differences in indicator prevalence were assessed using Pearson’s
chi-square test of independence with Cramér’s V as an effect-size measure. For each task-
category indicator, the difference in composite perceived impact between selectors and
non-selectors was tested using the Mann—-Whitney U test, with rank-biserial correlation
reported as an effect-size estimate; the association between task breadth (the count of task
categories selected per Al user, range 0-8) and composite impact was estimated using
Spearman’s rank correlation, overall and stratified by site. An exploratory per-item analysis
of the seven impact items by task-category selection was also conducted (Mann—-Whitney
U) and is reported as exploratory.

The broad-discipline classification derived in Section 2.7 was treated as a five-level
nominal stratifier. The association between discipline and Al adoption status was tested
using Pearson’s chi-square with Cramér’s V. Cross-discipline differences in composite
perceived impact among Al users were tested using the Kruskal-Wallis H test. Cross-
discipline differences in familiarity and frequency were assessed analogously.

2.7.8. Exploratory Learning-Style Analyses

Consistent with the analytic hierarchy stated in Section 2.7.1, all learning-style analyses
are treated as exploratory and hypothesis-generating. Three descriptive analyses were
conducted. First, cross-site differences in modality endorsement (V, A, R, K) and in the
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proportion classified as multimodal were summarized using Pearson’s chi-square with
Cramér’s V. Second, the association between each modality-endorsement indicator and
composite perceived impact among Al users was examined using the Mann—-Whitney U
test. Third, the IRB-protocol pre-registered hypotheses (H1: an association between VARK
modality and category of Al tool adopted; H2: visual learners favor image-generation
tools and reading/writing learners favor text-based chatbots) were evaluated descrip-
tively via chi-square tests of independence between each modality indicator and the rel-
evant tool-prevalence indicators (Section 2.7), and between modality endorsement and
task-category selection. Because the realized tool ecosystem is dominated by text-based
chatbots (Section 3.7), these tests were anticipated to have limited power for detecting
modality-driven differentiation; the resulting p-values are reported as effect-size descrip-
tors without further multiple-comparison adjustment, and any positive findings are flagged
for replication.

2.7.9. Sensitivity Analysis

Because disciplinary composition differed across site sub-samples, a sensitivity analy-
sis was conducted on the subset of respondents enrolled in Health & Life Sciences programs
(n = 272), defined by keyword classification of the open-ended discipline field (programs
containing references to medicine, microbiology, pharmacy, nursing, public health, biology,
or life sciences). All primary site contrasts (adoption, familiarity, composite impact, useful-
ness) were re-estimated in this comparable-discipline subset to evaluate whether the site
effects were robust to disciplinary mix.

2.7.10. Qualitative Analysis

Open-ended elaborations (n = 66 informative responses, U.S. sub-sample) were ana-
lyzed using an inductive-deductive hybrid thematic approach. Deductive scaffolding was
provided by the survey’s task-type categories; inductive coding identified emergent themes
through iterative clustering. Themes were further mapped to Anderson and Krathwohl’s
revised Bloom’s Taxonomy of cognitive processes (Remember, Understand, Apply, Ana-
lyze, Evaluate, Create) to characterize the cognitive level of reported Al use. Quantitative
thematic and Bloom's-level analysis of the Indonesian and Tajik open-ended responses was
not undertaken in the present study and is identified as a priority for future work.

3. Results
3.1. Sample Characteristics

The combined analytic dataset comprised 584 valid undergraduate responses across
three sites: Indonesia (n = 235; 40.2%), Tajikistan (n = 226; 38.7%), and the United States
(n = 123; 21.1%). Most respondents were aged 18-21 years (n = 380; 65.1%), with 22.4%
aged 22-25 and the remainder distributed across older age categories. Female respondents
constituted 56.5% of the combined sample (1 = 330), male 42.6% (n = 249), and 0.7%
preferred not to disclose. Across the full sample, 47.4% (n = 276) reported prior formal
exposure to computer science, data science, or Al-related fields. Internal consistency of
the seven-item perceived-impact scale was excellent in the pooled sample (Cronbach’s
o = 0.907; n = 409 complete cases) and within each site sub-sample (United States & = 0.922,
n = 58; Tajikistan = 0.882, n = 153; Indonesia « = 0.919, n = 198), justifying treatment of
the unweighted mean of the seven items as a single composite-impact score.

3.2. Al Adoption by Site

Al adoption differed substantially across the three sites (Figure 1). Overall, 70.0%
of respondents reported active Al use, 14.7% responded “Maybe”, and 15.2% reported
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non-use. The adoption gradient was Indonesia (84.3%) > Tajikistan (67.7%) > United States
(47.2%); the omnibus association between country and adoption status was statistically
significant and of moderate magnitude (x? (4) = 83.22, p <0.001, Cramér’s V = 0.267).

Al tool adoption status by country (N = 584)
s Yes Maybe No

100 A
12.8% 15.5%

16.8%

Respondents (%)

Indonesia Tajikistan United States
(n = 235) (n = 226) (n=123)
X%(4) = 83.22, p < 0.001, Cramér's V = 0.267
Figure 1. Al tool adoption status by country (N = 584). Stacked bars show the percentage of
respondents reporting active Al use (“Yes”), prospective use (“Maybe”), and non-use (“No”). The
adoption gradient is Indonesia > Tajikistan > United States; the omnibus test of independence is
statistically significant (x% (4) = 83.22, p <0.001, Cramér’s V = 0.267, moderate effect).

3.3. Familiarity, Frequency, and Usefulness

Cross-site differences were observed on all three engagement indicators (Figure 2).
Tajik respondents reported the highest self-rated familiarity (M = 3.59, SD = 1.19) and the
highest frequency of use among Al users and prospective users (M = 3.08, SD = 1.08). U.S.
respondents reported the lowest familiarity (M = 2.98, SD = 1.11) and the lowest frequency
(M = 2.34, SD = 1.21) but, among adopters, the highest mean overall usefulness rating
(M =4.03,SD = 0.86).

Familiarity, frequency, and perceived usefulness by country

Familiarity (1-5) Frequency (0-4) Usefulness (1-5)
5 7 5 -
4 -
4.03
4+ 3.59 2.95 3.08 4] 380 3.66
= 3.25 S 34
I 2.34
wn 34 3
e
g 27
g 2- 2
=
14 11 1
0- 0- 0-
D TJ us D TJ uUs ID TJ Us
H = 2541, p < 0.001 H=23.77, p < 0.001 H =740, p=0.025

Figure 2. Cross-site comparisons of self-rated familiarity (1-5), frequency of use (0-4), and overall
perceived usefulness (1-5). Bars show site means with standard error bars. Kruskal-Wallis omnibus
statistics are shown beneath each panel.

3.4. Perceived Academic Impact

Indonesian adopters reported the highest overall perceived impact, with Tajikistan
trailing as the only statistically distinguishable contrast. Mean composite scores were 3.27
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(SD = 0.79) in Indonesia, 3.07 (SD = 0.97) in the United States, and 2.96 (SD = 0.80) in
Tajikistan (Kruskal-Wallis H = 15.34, p < 0.001). Bonferroni-corrected Mann-Whitney pair-
wise contrasts identified only the Tajikistan—-Indonesia difference as significant (U = 11,446,
p = 0.0002, rank-biserial r = 0.244). Because formal measurement invariance of the compos-
ite scale across sites was not tested, these cross-site mean comparisons should be read as
provisional [remove the reference (see Section 4).

The cross-site variation in perceived impact is concentrated in writing quality, data
analysis, and collaboration; foundational tasks such as learning new material and assign-
ment efficiency are perceived similarly across all three settings (Table 1; Figure 3). Despite
these domain-specific differences, the within-site rank ordering of impact domains is highly
conserved (Spearman ¢ between-site profiles: U.S.—T] 0.82; U.S.—ID 0.64; T]-ID 0.68), in-
dicating that students at all three sites agree on which kinds of tasks Al helps most, even
where they disagree on the magnitude of that help.

Table 1. Mean per-item perceived impact (1-5 scale) by site, Al users only.

Domain US M (SD) TJ M (SD) ID M (SD) H p
Learning new material 3.35 (1.10) 3.24 (1.09) 3.37 (0.93) 2.36 0.307
Efficiency 3.22 (1.16) 3.18 (0.97) 3.33(0.99) 3.30 0.192
Writing quality 3.19 (1.07) 2.80 (1.06) 3.30 (0.99) 2395  <0.001
Creativity 2.91 (1.20) 2.95 (1.05) 3.26 (0.99) 11.36 0.003
Exam preparation 3.31(1.19) 2.99 (1.13) 3.22 (0.95) 6.09 0.048
Data analysis 3.05 (1.19) 2.82 (0.97) 3.18 (0.89) 1556  <0.001
Collaboration 2.45 (1.27) 2.72 (1.05) 3.20 (0.97) 3135  <0.001

Kruskal-Wallis omnibus tests. Sample sizes: US n = 58, T] n = 153, ID n = 198.

Per-item perceived academic impact by country, Al users only

3.35
3.24 p=0.307
3.37
3.22
3.18 p=0.192
3.33
3.19
p < 0.001 ***
3.30
p = 0.003 **
3.26
3.31
p=0.048 *
3.22
p < 0.001 ***
3.18
p < 0.001 ***
3.20
r T T T T T
0 1 2 3 4 5
Mean perceived impact (1 = Not at all ... 5 = Significant impact)

B Indonesia (n = 198) mmm Tajikistan (n = 153) B United States (n = 58)
Kruskal-Wallis omnibus tests. ** p < 0.001, ** p < 0.01, * p < 0.05.

Figure 3. Per-item perceived academic impact (1-5 scale) by site, Al users only. Bars show site means
for each of the seven impact domains; the dotted vertical line marks the scale midpoint (3 = Moderate
impact). Kruskal-Wallis omnibus p-values are shown to the right of each domain.

In the pooled sample, Al adoption status was significantly associated with site
(V =0.267), first language (V = 0.269), familiarity (V = 0.255), prior CS/AI exposure
(V =0.234), and age group (V = 0.196); gender was not significantly associated with adop-
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tion (V =0.075, p = 0.159). Stratified analyses showed that familiarity was the only predictor
significantly associated with adoption at all three sites (United States V = 0.307, p = 0.003;
Tajikistan V = 0.318, p < 0.001; Indonesia V = 0.261, p < 0.001).

3.5. Multivariable Logistic Regression of Al Adoption

A multivariable logistic regression of active Al use on site, gender, age group, prior
CS/ Al exposure, and familiarity (n = 584; McFadden’s pseudo-R? = 0.164) confirmed that
site effects persisted after adjustment (Table 2; Figure 4). U.S. respondents had odds of active
Al use 81% lower than Indonesian respondents (adjusted OR = 0.19, 95% CI: 0.10-0.33), and
Tajik respondents had odds 68% lower (adjusted OR = 0.32, 95% CI: 0.19-0.53). Each one-
point increase in familiarity was associated with 84% higher odds of active use (adjusted
OR = 1.84, 95% CI: 1.53-2.22). Female respondents were more likely than non-female
respondents to be active users after adjustment (adjusted OR = 1.63, p = 0.028).

Table 2. Multivariable logistic regression of active Al use (1 = 584).

Predictor Adjusted OR 95% CI p

United States (vs. Indonesia) 0.19 0.10-0.33 <0.001
Tajikistan (vs. Indonesia) 0.32 0.19-0.53 <0.001
Female (vs. non-female) 1.63 1.05-2.53 0.028

Age group (per ordinal step) 0.94 0.78-1.14 0.546
Prior CS/AI exposure (Yes vs. No) 1.45 0.93-2.24 0.098
Familiarity (per scale point) 1.84 1.53-2.22 <0.001

Reference categories: Country = Indonesia. Gender = non-female. Prior CS exposure = No. McFadden'’s

pseudo-R? = 0.164.

Multivariable logistic regression of active Al use

United States
(vs. Indonesia)

Tajikistan
(vs. Indonesia)

Female
(vs. non-female)

Age group
(per ordinal step)

Prior CS/AI exposure
(Yes vs. No)

Familiarity
(per scale point)

n = 583; McFadden's pseud

OR [95 % CI] p

| | 0.19 [0.10, 0.34] < 0.001
e [ —— 0.32 [0.19, 0.53] < 0.001

—— 1.63 [1.05, 2.53] 0.028

o 0.94 [0.78, 1.14] 0.546

s [ 1.45 [0.93, 2.24] 0.098
-—H- 1.84 [1.53, 2.21] < 0.001

T T T T T
0.10 0.25 0.50 1.00 2.00 4.00
Adjusted odds ratio (log scale)
0-R? = 0.164. Reference categories: Country = Indonesia; Gender = non-female; Prior CS = No.

Figure 4. Forest plot of adjusted odds ratios from the multivariable logistic regression (1 = 584). Red:
significant protective effect (OR < 1, p < 0.05); blue: significant positive effect (OR > 1, p < 0.05); gray:
non-significant.

3.6. Correlates of Perceived Impact

Among Al users, the composite perceived-impact score was moderately correlated

with familiarity (Spearman ¢ = 0.371, p < 0.001), frequency (o = 0.325, p < 0.001), and useful-

ness (0 = 0.327, p < 0.001). Country-stratified correlations revealed notable heterogeneity
in the familiarity—frequency association (U.S., ¢ = 0.584; Tajikistan, ¢ = 0.208; Indonesia,
0 = 0.119), whereas the familiarity-impact correlation was moderate and significant in all
countries (Figure 5).
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Figure 5. Spearman correlations. (a) Correlation matrix among Al users (n = 409). (b) Key bivariate
correlations stratified by site.

A multivariable OLS regression of composite impact among Al users (n = 409;
R? = 0.269) identified familiarity (B = 0.270, p < 0.001) and frequency (p = 0.206, p < 0.001)
as independent positive predictors of impact. After adjustment, Tajik respondents re-
ported lower composite impact than Indonesian respondents (3 = —0.483, p < 0.001); the
U.S.—Indonesia gap was not significant (3 = —0.158, p = 0.168).

3.7. Tool Ecosystem

Three distinct site-level tool ecosystems were observed (Table 3). ChatGPT was
dominant at every site; Grammarly was substantially more prevalent in the United States
(561.3%) than at the other two sites; Perplexity Al showed a distinctive Indonesian signature
(46.1% vs. 3.7% and 2.6%); QuillBot was endorsed by 24.6% of Indonesian respondents but
was effectively absent in Tajikistan.

Table 3. Al tool prevalence among Al users and prospective users (Yes + Maybe), percent.

Tool Indonesia (1 = 228) Tajikistan (1 =191)  United States (1 = 76)
ChatGPT 89.5 96.3 724
Gemini 67.5 69.1 31.6
Perplexity Al 46.1 3.7 2.6
Grammarly 31.6 2.6 51.3
QuillBot 24.6 0.0 14.5
Microsoft Copilot 12.7 7.3 13.2
DeepSeek 1.8 3.7 13
NotebookLM 0.0 1.0 2.6

Multiple selections permitted; derived by keyword matching of the multi-response and free-text items.

3.8. Effect of Al on Specific Learning Tasks

Indonesian and U.S. adopters use Al for a wider range of tasks than Tajik adopters.
The mean number of task categories selected per Al user (n = 409) was 2.78 in Indonesia,
2.76 in the United States, and 2.33 in Tajikistan (overall M = 2.62, SD = 1.66; Kruskal-
Wallis H = 12.63, p = 0.002). The eight categories examined were studying and learning,
brainstorming, writing assistance, coding/programming, data analysis or visualization,
language learning, presentation and design, and administrative tasks. These task analyses
are reported as exploratory.

Studying and learning are the dominant use cases across all sites (79.5% overall), but
secondary use cases vary sharply. The largest cross-site contrast is for brainstorming: U.S.
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(58.6%) and Indonesian (54.5%) adopters use Al for brainstorming at more than twice the
rate of Tajik adopters (24.8%; x% =36.77, V = 0.30, the largest task-level effect observed).
Writing assistance follows a similar gradient (U.S. 55.2%, Indonesia 46.0%, Tajikistan 32.0%;
V =0.17). Two sites depart from this pattern in informative ways: administrative use is
highest in the United States (24.1% vs. 8.6% in Indonesia; V = 0.16), and coding use is
highest—though still modest—in Tajikistan (12.4% vs. 3.5% U.S.; Figure 6a, Table 4).

(a) Task categories Al used for, by country (b) Composite-impact differential by task selection

Studying Studying

Brainstorming Brainstorming +0.57+*

Writing Writing
Coding Coding

Data Data

analysis analysis
Language Language
learning learning

Presentation Presentation +0.33%*

== Indonesia (n = 198)

Admin = Tajikistan (n = 153) Admin +0.32*
mmm United States (n = 58)
0 20 10 60 80 100 00 01 02 03 04 05 06 07
Respondents selecting task (%) Composite impact: selectors - non-selectors
Figure 6. Task usage patterns and perceived-impact differentials. (a) Percentage of Al users selecting
each of the eight task categories, stratified by site. Brainstorming, Writing assistance, Coding,
Presentation, and Administrative tasks showed significant site differences. (b) Mean composite-
impact differential (selectors minus non-selectors) for each task category. All eight categories were
associated with significantly higher perceived impact among selectors.
Table 4. Task-category selection (%) by country among Al users (1 = 409).
Task Category ID TJ Us Overall x> p Cramér’s V
Studying and learning 83.8 73.2 81.0 79.5 6.08 0.05 0.12
Brainstorming ideas 54.5 24.8 58.6 44.0 36.77 <0.001 0.30
Writing assistance 46.0 32.0 55.2 42.1 11.65 0.003 0.17
Coding/programming 6.6 124 3.5 8.3 5.98 0.05 0.12
Data analysis/visualization 21.2 13.7 13.8 17.4 3.97 0.137 0.10
Language learning 31.3 35.3 29.3 32.5 0.94 0.624 0.05
Presentation/design 25.8 24.2 10.3 23.0 6.22 0.045 0.12
Administrative tasks 8.6 17.0 24.1 13.9 10.95 0.004 0.16
Chi-square tests of independence with Cramér’s V. Site sample sizes: Indonesia n = 198, Tajikistan n = 153, United
States n = 58.

Brainstorming emerged as the task most strongly associated with perceived academic
benefit. Adopters who used Al for brainstorming reported substantially higher composite
impact than non-selectors (M = 3.44 vs. 2.87; rank-biserial r = 0.41, p < 0.001, Figure 6b),
an effect roughly twice the size of the next-largest differentials (coding r = 0.26; data anal-
ysis r = 0.25; studying and learning r = 0.23). All eight task categories showed positive
selector-non-selector differentials (all p < 0.05), and task breadth—the number of cate-
gories endorsed—correlated moderately with composite impact at every site (Spearman
0 =0.34-0.47, all p < 0.001). These selector-non-selector differentials and breadth correla-
tions are reported here descriptively; they are cross-sectional and exploratory, and their
interpretation is developed in Section 4.

An exploratory per-item analysis (not tabled) showed intuitive content alignment:
writing-assistance selectors reported the largest differential on the writing-quality item,
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data-analysis selectors on the data-analysis item, and brainstorming selectors on every item.
The pattern suggests that respondents attribute benefit specifically to the task for which
they use Al; this domain-by-task analysis is reported descriptively.

3.9. Factors That Would Encourage Greater Al Use

The multiple-response item “What would encourage you to use Al tools more fre-
quently in your studies” presented five pre-specified options. The item was administered
to all Al users and prospective users (Yes or Maybe, n = 495); respondents who reported no
Al use did not see this item. Overall, the most endorsed factors were more user-friendly
tools (45.2%) and Formal training on Al tools (43.8%), followed by curriculum integration
(20.2%), faculty endorsement (19.5%), and Demonstrated success (17.5%).

Site differences were observed on three of the five factors (Table 5). Tajik respondents
endorsed more user-friendly tools at a substantially higher rate than respondents at the
other two sites (58.4% vs. Indonesia 45.1% vs. United States 21.1%; V = 0.28). Curriculum
integration was endorsed by 39.2% of Indonesian respondents but by only 0.9% of Tajik
respondents (V = 0.42, the largest cross-site effect observed in the dataset). Formal training
endorsement was lower in the United States (29.3%) than in Indonesia (48.5%) or Tajikistan
(46.9%; V = 0.15). Faculty endorsement and Demonstrated success did not show significant
site differences.

Table 5. Endorsement (%) of factors that would encourage greater Al use, by site (Al users +
prospective users, n = 495).

Factor ID#=228) TJn=191) US (n=76) Overall x? p Cramér’s V
Formal training on Al tools 48.5 46.9 29.3 43.8 13.55 <0.001 0.15
More user-friendly Al tools 45.1 58.4 21.1 452 44.67 <0.001 0.28
Curriculum integration 39.2 0.9 19.5 20.2 104.67 <0.001 0.42
Faculty endorsement 17.0 18.6 26.0 19.5 4.36 0.113 0.09
Demonstrated success of Al 19.6 19.0 10.6 17.5 5.17 0.075 0.09

Multiple selections permitted. The curriculum-integration contrast (V = 0.42) is the largest cross-site effect
observed in the study.

Two cross-tabulations are reported. First, more user-friendly tools were endorsed
at 54.3% among confirmed users and 48.8% among prospective “Maybe” users. Second,
Formal training was the most-endorsed factor among prospective users in Tajikistan (47.7%)
and the second-most-endorsed in Indonesia (47.7%). In the United States, faculty endorse-
ment (26.0%) was the most-endorsed factor—the only site at which faculty endorsement
reached the top tier. These patterns are interpreted in Section 4.

3.10. Effect of Academic Discipline

The open-ended discipline field was classified into five broad categories (Health &
Life Sciences; Social Sciences & Humanities; Natural Sciences & Engineering; Multiple-
discipline; Other), based on keyword matching of the enrolled program. Of the 584 re-
spondents, 524 (89.7%) could be classified into one of these categories; 60 (10.3%) had
blank or uncategorizable entries and were excluded from discipline-stratified analyses.
Discipline composition differed sharply across sites (Figure 7c): Tajikistan was overwhelm-
ingly Health & Life Sciences (83.6% of respondents), Indonesia was concentrated in So-
cial Sciences/Humanities (41.3%) and Other programs (28.9%), and the United States
combined Multiple-discipline (43.9%), Health & Life Sciences (35.8%), and Natural Sci-
ences/Engineering (13.8%) enrolments.
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Figure 7. Effect of academic discipline. (a) Al adoption (% Yes) varies significantly across the
five broad disciplines (x2 (8) = 37.86, p < 0.001). (b) Mean composite perceived impact among Al
users by discipline; the Health & Life Sciences subgroup, the largest in the dataset, reports the
lowest impact (Kruskal-Wallis H = 13.63, p = 0.009). (c) Discipline composition by site, showing the
predominantly Health & Life Sciences enrolment in Tajikistan, the diversified mix in Indonesia, and
the Multiple-discipline/Health & Life Sciences mix in the United States.

Al adoption varied significantly across disciplines (x*(8) = 37.86, p < 0.001, Cramér’s
V =0.190; Figure 7a). The highest adoption rates were observed in Social Sciences & Hu-
manities (82.2%) and Other programs (79.5%), followed by Health & Life Sciences (70.2%),
Natural Sciences & Engineering (58.3%), and Multiple-discipline enrollments (53.7%). The
Multiple-discipline category—composed almost entirely of U.S. respondents who indicated
more than one program—had the lowest adoption rate of any group, consistent with the
overall U.S. adoption pattern reported in Section 3.2.

Composite perceived impact also differed across disciplines (Kruskal-Wallis H = 13.63,
p = 0.009; Figure 7b). Among Al users, Other programs (M = 3.32, n = 58) and Social
Sciences & Humanities (M = 3.23, n = 83) reported the highest impact, followed by Multiple-
discipline (M = 3.17, n = 29) and Natural Sciences & Engineering (M = 3.06, n = 14); Health
& Life Sciences (M = 2.98, n = 191) reported the lowest impact. The Health & Life Sciences
result is notable because this is by far the largest disciplinary subgroup and is the principal
driver of the relatively low Tajik composite-impact mean reported in Section 3.4; the two
findings are mutually reinforcing.

Cross-site sensitivity testing on the Health & Life Sciences subset demonstrated that the
principal cross-site contrasts in adoption, familiarity, and composite impact are preserved
when disciplinary mix is held approximately constant, indicating that the site effects
reported in Sections 3.2-3.4 are not artifacts of differential disciplinary composition. The
disciplinary pattern documented here is therefore best interpreted as an independent layer
of variation that operates alongside, rather than in place of, the site effects.

3.11. Learning-Style Preferences and Al Engagement (Exploratory)

Exploratory learning-style analyses. Exploratory analyses of VARK learning-style
preferences found little evidence that modality preferences meaningfully influenced gener-
ative Al adoption or perceived academic impact. Most respondents reported multimodal
learning preferences, and although modest differences in modality endorsement were
observed across study sites, only a small association between Reading/Writing preference
and perceived impact reached nominal significance. The pre-registered hypotheses linking
learning-style preferences to specific Al tool categories could not be adequately evaluated
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because Al use was overwhelmingly dominated by text-based chatbot platforms across all
three sites. Detailed analyses and tables are provided in the Supplementary Materials; the
interpretation of these exploratory findings is developed in Section 4.

4. Discussion

This study examined Al tool adoption and perceived academic impact among 584 un-
dergraduates across three institutions in Indonesia, Tajikistan, and the United States. Four
findings stand out. First, Al adoption varied substantially across the three sites, with a
pronounced gradient (Indonesia > Tajikistan > United States) that persisted after multivari-
able adjustment for individual-level covariates. Second, self-rated familiarity with Al was
the most generalizable individual-level correlate of both adoption and perceived impact
across all three settings. Third, the seven-item perceived-impact scale showed excellent
internal consistency overall and within each site (Cronbach’s o« > 0.88); however, cross-site
mean comparisons remain provisional pending formal measurement-invariance testing
(see Section 4). Fourth, three distinct site-level tool ecosystems emerged—a writing-tool-
heavy U.S. profile, a chatbot-only Tajik profile, and a diverse Indonesian profile in which
Perplexity Al achieved unusually high penetration.

The cross-site pattern is not a single “more is better” gradient. Indonesia combined
the broadest adoption (84.3%) with the highest perceived impact among adopters, the
United States combined the narrowest adoption (47.2%) with the highest usefulness rating
among its smaller adopter pool, and Tajikistan combined broad adoption and the highest
frequency of use with the lowest composite impact. These three configurations suggest
that perceived value is contingent on contextual factors not captured by individual-level
variables alone—most plausibly, institutional policy, faculty endorsement, the language of
instruction, and the availability of task-specific tools.

The multivariable logistic regression supports this contextual interpretation. After
adjusting for gender, age, prior computing exposure, and Al familiarity, the site effect
remained large (adjusted ORs of 0.19 for the U.S. and 0.32 for Tajikistan, relative to Indone-
sia), indicating that site captures unmeasured contextual differences operating above and
beyond individual covariates.

Self-rated familiarity was the only individual-level variable to operate consistently
across all three sites, predicting both adoption (Cramér’s V = 0.26-0.32) and perceived
impact (Spearman ¢ = 0.27-0.50) at every site, and emerging as a strong independent
predictor in both multivariable models. This consistency aligns with technology acceptance
theory (Sergeeva et al., 2025), in which perceived ease of use and self-efficacy are stable
proximal antecedents of adoption. This result should not, however, be over-read. Self-
rated familiarity is a subjective indicator of confidence and prior exposure; it is a proxy
for, and not a measurement of, Al literacy as defined in our conceptual framework—a
multidimensional construct spanning conceptual understanding, evaluative judgment, and
ethical awareness (Chiu, 2025; Ng et al., 2021). Our findings therefore support interventions
that raise students’ confidence with, and exposure to, generative Al tools, and suggest
that such interventions may translate more uniformly across institutional contexts than
interventions targeting other levers. Whether interventions targeting Al literacy proper
yield comparable gains in adoption or perceived impact cannot be established from these
data and would require direct measurement of the broader construct.

Country-stratified correlations also revealed a meaningful heterogeneity in the
familiarity—frequency relationship: strong in the U.S. (0 = 0.58), moderate in Tajikistan
(0 = 0.21), and weak in Indonesia (¢ = 0.12). One interpretation is that in higher-adoption
settings, frequent use has become the default, no longer distinguishing self-rated experts
from novices, whereas in lower-adoption settings, familiarity continues to closely track
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usage. If this interpretation is correct, self-rated familiarity will become a progressively less
informative discriminator of use as normalization advances.

All eight task categories were associated with significantly higher perceived im-
pact among selectors than non-selectors, with the largest differential for brainstorming
(A =+0.57, rank-biserial r = 0.41, p < 0.001). Per-item analyses showed intuitive content
alignment: writing-task selectors reported the largest gains on the writing-quality item,
data-analysis selectors on the data-analysis item, and brainstorming selectors on every
item. Task breadth—the number of categories for which a respondent reported using
Al—correlated moderately with composite impact at every site (Spearman ¢ = 0.34-0.47).
Taken together, these patterns suggest that students accurately attribute benefits to the tasks
for which they actually use Al, and that diversified, fit-for-purpose use is a more promising
target than intensified use of a single tool. This task-specific patterning is consistent with
prior empirical work (Chan & Hu, 2023; Ravselj et al., 2025). Our contribution is to show
that, at all three sites, it is the breadth of the task repertoire—rather than the intensity of
use of any single tool—that tracks perceived benefit.

Domain-specific site differences were concentrated in writing quality, data analysis,
and collaboration, with the largest absolute gap for collaboration (Indonesia M = 3.20 vs.
U.S. M = 2.45). The writing-quality gap maps onto the tool-ecology data: Tajik respondents
reported the lowest writing-quality impact and used essentially no writing-specialized
tools (Grammarly 2.6%; QuillBot 0%), whereas U.S. and Indonesian respondents reported
higher writing-quality impact and used these tools at substantially higher rates. The cross-
sectional design precludes causal inference, but tool diversity and task—tool matching are
plausible mediators of the observed site differences in domain-specific impact.

The largest cross-site effect in the entire dataset was on the encouragement factor
“curriculum integration of Al tools” (Cramér’s V = 0.42), with endorsement rates of 39.2%
in Indonesia, 19.5% in the United States, and 0.9% in Tajikistan. The Tajik near-zero endorse-
ment most plausibly reflects a context in which broad individual-level Al use has developed
independently of any curriculum-level conversation. The Indonesian endorsement is con-
sistent with the broad, diverse, high-impact adoption observed there. The U.S. profile is
distinctive in a third way: faculty endorsement was the most-endorsed encouragement
factor only in the United States (26.0%), consistent with a more individualized, faculty-led
mode of adoption.

These three configurations argue strongly that institution-level interventions—clear
Al policy, faculty endorsement, licensed tool availability, and language of instruction—are
likely to outperform purely individual-targeted interventions of comparable cost. They also
argue against a one-size-fits-all institutional template: the most effective intervention at one
site (curriculum integration in Indonesia) is the least-endorsed factor at another (Tajikistan).

The encouragement-factor cross-tabulations reported in Section 3.9 support the same
reading. That “more user-friendly tools” was endorsed at a comparable rate by confirmed
users (54.3%) and by prospective “Maybe” users (48.8%) indicates that the perceived
usability barrier is not dissolved by experience alone. That “formal training” was the
most-endorsed factor among prospective users in Tajikistan (47.7%) and the second-most-
endorsed in Indonesia (47.7%) identifies training provision as a candidate high-leverage
intervention at those two sites—though, consistent with the distinction drawn above,
what these students are asking for is exposure and confidence-building, not necessarily Al
literacy in the fuller sense. The prominence of faculty endorsement in the United States
(26.0%) is, by contrast, consistent with the more individualized, faculty-mediated mode of
adoption visible in the U.S. familiarity—frequency correlation (Section 3.3). That the salient
lever differs so sharply across three sites echoes the marked setting-to-setting variation in
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student uptake and attitudes documented in large multi-institution surveys (Ravselj et al.,
2025) and reinforces the case against a single institutional template.

The pre-registered modality—tool matching hypotheses (H1: an association between
VARK modality and Al tool category; H2: visual learners would favor image-generation
tools and reading/writing learners would favor text-based chatbots) cannot be meaning-
fully tested in the present sample, so we treat them as exploratory rather than confirmed
or rejected. The image-tool prediction collides with an extreme floor: image-generation
use is <3% of Al users, leaving no power to detect modality differentiation. The chatbot
prediction collides with an extreme ceiling: chatbot adoption is 95.8% across all users. In
both cases, the realized ecosystem rather than the data itself defeats the test.

A small reading/writing-modality advantage in perceived impact did emerge
(M =3.23 vs. 3.08, p = 0.046), consistent with the text-centric affordances of dominant
tools, but the magnitude is too small to support strong claims. The broader pattern is that
ecosystem-level standardization on chatbot interfaces leaves little room for learning-style
differentiation in the current tool environment, independent of any theoretical position on
the validity of the VARK framework itself (Pashler et al., 2008). Meaningful future tests will
require either modality-differentiated tools or behavioral rather than self-report outcomes.

Two interpretive limitations warrant particular emphasis because they shape how the
cross-site findings should be read. First, formal measurement invariance of the seven-item
perceived-impact scale across sites was not tested. Although internal consistency was
excellent within each sub-sample (Cronbach’s o« > 0.88), cross-site mean comparisons of
the composite or its individual items implicitly assume that respondents in Indonesia, Tajik-
istan, and the United States interpret the items and use the response scale equivalently—an
assumption that translation, cultural response style, and discipline-specific framing can
all violate. Without configural, metric, and scalar invariance testing via confirmatory
factor analysis, the observed site differences in mean impact may reflect measurement non-
equivalence rather than substantive differences in perceived benefit. We therefore treat the
cross-site mean contrasts (notably the Indonesia—Tajikistan composite-impact gap and the
domain-specific contrasts in Section 3.4) as provisional until invariance has been established.
The language of administration also differed across sites (English in the United States and
Indonesia, Russian in Tajikistan). Although Tajik respondents are fluent in Russian and
the instrument underwent translation and independent back-translation by two bilingual
authors with item content held constant, residual non-equivalence cannot be excluded; in
particular, the Indonesian instrument, delivered in English, was completed largely by non-
native English speakers. These features could produce item functioning that differs across
sites independently of any true difference in perceived impact; established procedures for
testing and reporting such invariance are reviewed elsewhere (Putnick & Bornstein, 2016;
Vandenberg & Lance, 2000). Second, the manuscript reports a large number of statisti-
cal tests, including per-item, subgroup, modality, task-specific, and discipline-stratified
analyses. While the hierarchy of analyses set out in Section 2.7 distinguishes confirmatory,
secondary, and exploratory tests, the exploratory tier inflates the family-wise error rate and
is best read as effect-size description rather than confirmatory hypothesis testing.

Beyond these two interpretive limitations, further methodological constraints should
be noted. The cross-sectional self-report design precludes causal inference: observed
associations between familiarity, frequency, and perceived impact are equally consistent
with reverse causation or shared unmeasured determinants. The three sub-samples differed
in disciplinary mix; although the sensitivity analysis indicated the principal cross-site
contrasts are robust to disciplinary restriction, residual confounding by program type,
year of study, or institutional culture cannot be excluded. The U.S. sub-sample (1 = 123)
was approximately half the size of either partner sample, reducing power for U.S.-specific
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contrasts. Accordingly, non-significant results within the smaller U.S. sample and within
other small subgroups should be read as inconclusive rather than as positive evidence of
no effect. The frequency item used a four-level ordinal scale that is coarse for intensity-
of-use questions. Open-ended elaborations were coded thematically only for the U.S.
sub-sample; corresponding qualitative work for the Indonesian and Tajik sub-samples
remains to be undertaken. Tool-prevalence estimates rely on keyword matching against
free-text responses and may underestimate platforms referred to inconsistently or under
alternative names.

The findings suggest two practical directions. Institutionally, the persistence of large
site effects after adjustment for individual-level covariates points to institutional context—
Al policy guidance, faculty endorsement, language of instruction, and campus-licensed
tool availability—as a determinant of Al engagement; institution-level interventions are
therefore likely to yield gains that purely individual interventions cannot. Pedagogically,
the consistent familiarity—adoption-impact triad supports brief, scalable modules that build
hands-on exposure to, and confidence with, generative Al tools—a candidate high-leverage
intervention applicable across diverse settings. We frame this deliberately as a familiarity-
building rather than an Al literacy recommendation: because Al literacy was not directly
measured here, the additional value of instruction in critical evaluation, model limitations,
and ethical use, although independently well motivated (Chiu, 2025; Ng et al., 2021), is not
evidenced by the present findings.

Methodologically, the most urgent extension is confirmatory factor analysis with
measurement-invariance testing across sites; this is a prerequisite, not an enhancement,
for substantive cross-site mean comparisons of the perceived-impact composite. Three
further extensions are warranted: (i) ordinal and multinomial models preserving the three-
level adoption outcome (Yes/Maybe/No) to distinguish hesitant from refusing non-users;
(ii) latent-class analysis of the joint distribution of frequency, familiarity, usefulness, and
task profile to identify user typologies and test whether typology membership varies
by site; (iii) future data collection that includes institutional-context variables (Al policy,
faculty endorsement, licensed tool list), a brief Al literacy or critical-evaluation scale, and a
longitudinal component permitting estimation of the link between perceived impact and
measured academic outcomes.

5. Conclusions

Across 584 undergraduates at three institutions in Indonesia, Tajikistan, and the United
States, Al tool adoption was widespread but site-patterned: Indonesia showed the broadest
adoption and the highest perceived academic impact; the United States showed the narrow-
est adoption but the highest mean usefulness rating among adopters. These site differences
were large and persisted after multivariable adjustment for individual-level covariates,
indicating that unmeasured contextual factors continue to shape Al engagement. Self-rated
familiarity emerged as the most generalizable individual-level correlate of adoption and
perceived impact across all three settings, and three distinct site-level tool ecosystems
were observed, with domain-specific impact differences mapping onto these ecosystems in
interpretable ways—particularly for writing-related outcomes.

The seven-item perceived-impact scale showed excellent internal consistency in all
three site sub-samples and provides a reusable instrument for cross-institutional compari-
son; formal measurement-invariance testing is a prerequisite for substantive interpretation
of cross-site means. The findings support institution-level interventions that combine
structured opportunities to build familiarity with generative Al tools with explicit policy
guidance and faculty endorsement. Because familiarity was self-rated and Al literacy
was not directly measured, claims about the efficacy of Al literacy interventions remain a
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hypothesis for future work, alongside measurement invariance, user typologies, and the
relationship between perceived and measured academic outcomes. Exploratory analyses
of learning-style preferences did not yield robust effects, plausibly because text-based
chatbots now operate as a near-universal default. Whether modality preferences differen-
tiate Al engagement within a more diverse, multimodal tool ecosystem is a question for
future research.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/educscil6071160/s1. Supplementary materials present exploratory
VARK modality analyses, including country-wise endorsement patterns, weak task associations, and
the infeasibility of testing pre-registered modality—-tool hypotheses due to ubiquitous chatbot use and
minimal image-generation adoption.
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