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Abstract. The rapid integration of artificial intelligence into higher education has increased the need
to distinguish routine AI use from preparedness to use this technology responsibly and ethically.
The study examines responsible Al preparedness as a dimension of continuous digital professional
learning in Ukrainian higher education by analysing differences in perceived ethical Al learning
needs across career stages and levels of Al use and their association with institutional Al-policy
environments. Cross-sectional survey data from 2,004 respondents representing Ukrainian higher
education institutions were analysed using descriptive statistics, chi-squared tests, Cramér’s V,
cumulative-link ordinal logistic regression, interaction models, adjusted predicted probabilities, and
binary logistic regression. Al use was widespread: 74.0% used Al at least periodically, while 33.1%
reported high ethical AI learning needs and 42.2% substantial gaps in institutional rules or
guidance. Among active Al users, 472 respondents were classified as active but underprepared,
representing 31.8% of active users and 23.6% of the HEI sample. In the binary logistic model
restricted to active users, reporting no institutional Al policy was associated with 47.3% higher odds
of high ethical learning need (OR = 1.47, 95% CI [1.11, 1.95]), while policy uncertainty was
associated with 64.2% higher odds (OR = 1.64, 95% CI [1.26, 2.14]). In the cumulative-link ordinal
model for the full HEI sample, ethical learning needs were higher among respondents aged 50-59
(OR = 1.64) and 60-69 (OR = 1.86) than among those aged 18-29. Research experience significantly
moderated the association between Al-use intensity and perceived learning need (LR x?(3) = 8.82, p
=0.032). The findings support targeted professional learning.

Keywords: artificial intelligence, higher education, ethical preparedness, professional learning, Al
policy, academic staff, digital competence.

1. INTRODUCTION

The rapid diffusion of generative Al has shifted the higher-education debate from whether artificial
intelligence should be adopted to whether academics are prepared to use it responsibly, critically and
ethically. International guidance increasingly treats Al competence as more than technical proficiency,
incorporating ethical awareness, pedagogical application, critical evaluation and continuing professional
learning (Miao & Holmes, 2023; Miao & Cukurova, 2024; UNESCO, 2024). This shift is reinforced by
evidence that professional learning needs remain substantial even where Al use is already widespread.
OECD findings show that Al-related professional development has become one of the most important
emerging needs among educators, while European and World Bank initiatives similarly emphasise
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ethical Al literacy, institutional readiness and continuous adaptation of skills (OECD, 2024; OECD, 2025;
European Commission, 2026). Al is also increasingly embedded in teaching, assessment, academic
planning and research, making responsible preparedness an institutional as well as an individual
challenge (Molina & Medina, 2025; World Bank, 2025; World Bank, EdTech Hub, & AI Observatory,
2026).

Research on Al in higher education has consequently moved beyond a narrow technology-adoption
perspective towards questions of organisational transformation, educational practice and institutional
capacity. Earlier studies situated AI within broader processes of digitalisation, innovation and
organisational change, while educational research has documented its expanding role in learning
analytics, teaching, knowledge support and problem-solving (Bilan et al., 2022; Chugh et al.,, 2023;
Koibichuk et al., 2023). Al-enabled educational methodologies have developed rapidly (Skrynnyk et al.,
2022; Salas-Pilco et al., 2022; Cela et al., 2025), but their implementation remains shaped by pedagogical,
organisational and human barriers rather than by technological availability alone (Sarwar et al., 2025;
Vorontsova et al., 2025). Recent studies further describe Al as becoming a structural element of the
university environment and show that patterns of adoption vary across institutional and social contexts
(Okulich-Kazarin & Artyukhov, 2025; Siecinski & Oliniski, 2026; Zulicki, 2026). This broader
transformation also carries economic and organisational consequences, yet evidence suggests that
greater Al intensity does not automatically translate into proportional gains in productivity or
performance, reinforcing the need to distinguish technology use from the conditions required for its
effective and responsible integration (Kuzior et al., 2025; Skare et al., 2025).

A central implication of this transition is that Al preparedness should be conceptualised in terms of
competence and literacy rather than frequency of use alone. Contemporary frameworks describe Al
literacy as multidimensional, encompassing cognitive, behavioural, affective and ethical capacities as
well as the ability to understand and critically evaluate Al outputs (Ng et al., 2023; Ng et al., 2024; Wang
et al., 2023). Related work highlights critical thinking, prompt-related competence and transversal skills
as important components of meaningful engagement with Al (Stolpe & Hallstrom, 2024; Walter, 2024;
Popova, 2024). New applications, including digital twin technologies and Al-supported language
learning, further demonstrate that educators' competence must evolve alongside technological
possibilities (Domina et al., 2025; Pilny & Postrzednik-Lotko, 2025). These developments strengthen the
role of professional learning, digital self-efficacy and leadership-supported adaptation in enabling
effective engagement with Al (Lamichhane et al., 2026; Mamdouh et al., 2025). From a broader
educational perspective, lifelong learning and digitalisation are also linked to institutional resilience,
human capital renewal, and progress towards SDG 4 (Yeremenko, 2026; Rahmanov et al., 2025; Zimosz
& Ober, 2025).

Preparedness must also be responsible preparedness. Higher-education research increasingly
integrates Al literacy with pedagogical integrity, governance, and institutional policy, reflecting
concerns about acceptable use, authorship, transparency, verification, and academic integrity (Adamakis
& Rachiotis, 2025; Chan, 2023; Francis et al., 2025). Comparative governance research shows that
universities operate within an increasingly complex environment of policies, standards and legal
expectations, while knowledge-based governance can strengthen ethical literacy and legal awareness
(Chumachenko et al., 2025; Oncioiu & Bularca, 2025). Evidence from university staff likewise shows that
perceptions of generative Al combine cognitive evaluation, trust, teaching implications, and academic
integrity concerns (Lyeonov et al.,, 2026). The broader ethics literature reaches a similar conclusion:
meaningful Al adoption requires accountability, human oversight and attention to dignity, fairness and
the boundaries of automation (Frimpong, 2025; Hayes & Burrell, 2026; Mura & Stehlikova, 2025).
Comparable concerns have been observed in law enforcement, healthcare, and business leadership,
where Al implementation raises questions about ethical boundaries, dual use, and accountable decision-
making (Haley & Burrell, 2025; Springs, 2025; Szeberényi, 2026). These adjacent-sector studies are
relevant not as direct evidence about universities, but as confirmation that responsible Al adoption is
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consistently shaped by governance and human judgment across knowledge-intensive organisations.

The literature further suggests that professional learning needs are unlikely to be uniform across
staff groups or career stages. Institutional implementation affects faculty experience, performance
systems and organisational conditions, while studies from other knowledge-intensive environments
show that workforce adaptation depends on leadership, development opportunities and employees’
capacity to respond to Al-mediated change (Alakoum et al.,, 2025; Hart, 2025; Kot et al.,, 2026). Al
adoption is also shaped by professional expectations, perceived opportunities and barriers, and attitudes
towards Al range from optimism to concern and indifference (Kritikos et al., 2025; Schinello, 2025;
Yarovenko et al,, 2024). In Ukraine, these questions are especially important because higher education
and scientific capacity continue to operate under the pressures of the full-scale invasion, making
professional adaptation and the preservation of intellectual capital particularly salient (Iurchenko &
Ponomarenko, 2025). At the same time, recent evidence shows considerable variation in the maturity of
institutional Al policies across Ukrainian higher education, suggesting that the presence, visibility and
clarity of policy may be closely connected with staff preparedness (Suchikova & Omelchuk, 2026).

Previous research points to a conceptual progression from Al adoption through Al literacy and
competence towards responsible Al preparedness, supported by professional learning and institutional
governance. However, these dimensions are still frequently studied separately. In particular, limited
empirical attention has been paid to whether academics who already use Al regularly also perceive
substantial ethical learning needs, whether these needs differ across career stages, and whether
institutional Al policy environments are associated with preparedness. The present study addresses this
gap by examining responsible Al preparedness as a dimension of continuous professional learning and
by linking Al-use intensity, research experience and institutional policy status within a single empirical
framework.

This study aims to examine responsible AI preparedness as a dimension of continuous digital
professional learning in Ukrainian higher education by identifying differences in perceived ethical Al
learning needs across academic career stages and levels of Al use, and by assessing how institutional Al
policies are associated with both individual learning needs and perceived gaps in institutional guidance.
To address this aim, the study is guided by the following research questions:

RQ1. How does the frequency of Al use vary across age groups, research-experience levels and
gender among members of Ukrainian higher education institutions?

RQ2. How are age, gender, research experience, frequency of Al use and institutional Al-policy
status associated with perceived ethical Al learning needs and perceived gaps in institutional guidance?

RQ3. Does the association between Al-use intensity and perceived ethical Al learning needs vary
across levels of research experience?

RQ4. Does the status of institutional Al policy moderate the association between Al use intensity and
perceived ethical Al learning needs?

RQ5. Which demographic, professional and institutional characteristics are associated with being an
active but underprepared Al user, defined as an individual who uses Al regularly while simultaneously
reporting high perceived ethical Al learning needs?

2. RESEARCH METHODS

2.1. Research design and analytical sample

The study employed a quantitative cross-sectional survey design to examine responsible Al
preparedness and professional learning needs among respondents representing higher education
institutions in Ukraine. The analytical focus was not simply on whether respondents used Al, but on
whether the intensity of use was accompanied by perceived preparedness for responsible use and
adequate institutional guidance. This distinction is important for a pedagogical interpretation of Al
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adoption: frequent use may indicate practical familiarity, yet it does not necessarily imply sufficient
ethical knowledge or confidence in the rules governing Al-assisted research. The empirical strategy,
therefore, separated individual learning preparedness from institutional preparedness and then
examined how both dimensions varied by age, research experience, gender, Al-use frequency and
institutional policy status.

The original dataset contained 2,376 completed questionnaires. For the present analysis, the sample
was restricted to respondents who selected “higher education institution” as the type of institution they
represented. This yielded an HEI analytical sample of 2,004 respondents, representing 84.3% of the full
survey sample. The focal demographic and professional variables contained no missing observations in
this subsample, so the principal descriptive and ordinal regression analyses were conducted on the full
HEI sample. No survey weight variable was included in the supplied analytical dataset; consequently,
the reported estimates are unweighted sample estimates and are not presented as nationally
representative population parameters.

2.2 Measures and operationalisation

The main outcome for individual preparedness was the statement ‘I feel that I lack the knowledge
required for the ethical use of artificial intelligence tools in research’, measured on a five-point ordered
response scale from 1 to 5. Higher values, therefore, indicated a greater perceived ethical-knowledge
gap. The second outcome captured institutional preparedness through the statement ‘I lack clear rules
and/or official policies concerning the use of artificial intelligence in research at my institution’, again
measured on the same five-point ordered scale. The ordering of both outcomes was retained in the main
models rather than dichotomising the data, because moving from a lower to a higher category
represents a substantively greater level of perceived need.

For descriptive and training-priority analyses, a high ethical Al learning need was defined as a
response of 4 or 5 on the ethical-knowledge-gap item. This threshold was used only to construct
interpretable probabilities and training-priority groups; the primary regression models continued to use
all five ordered categories. Al-use frequency comprised five survey categories: never, isolated cases/rare
use, periodically, frequently and daily. In the principal ordinal models, these categories were entered as
a factor, with isolated-case use as the reference category because the ‘never’ group was comparatively
small. For parsimonious interaction tests, Al-use intensity was additionally coded from 0 (never) to 4
(daily), preserving the natural ordering of frequency.

Institutional Al-policy status was derived from the question asking whether the respondent’s
institution had an official policy on the use or implementation of Al in research. The two affirmative
response variants were combined into a single ‘Al policy in place’ category. The remaining categories
were ‘no Al policy’ and “uncertain/do not know’, with ‘Al policy in place” serving as the reference
category in regression models. Age was entered in six ordered groups (18-29, 30-39, 40—49, 50-59, 60-69,
and 70 years and over), and research experience in four groups (less than 1 year, 1-5 years, 5-10 years,
and more than 10 years). Gender and field of research were included as covariates. Discipline was
treated as a control rather than as the central explanatory factor because the article's objective is to
identify learning and institutional support needs, not disciplinary heterogeneity.

The exact wording and response options of the two outcome items, the Al-use-frequency item
and the institutional-policy-status item, are provided in Appendix A to support transparency and
reproducibility.

2.3. Training-priority classification

For educational interpretation, Al activity and ethical learning needs were combined into four
training-priority groups. Active users (periodic, frequent, or daily use) who scored 1-3 on the ethical-
gap item were classified as prepared active users, and those who scored 4-5 were classified as active but
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underprepared. Low-use respondents (never or isolated cases) with scores of 4-5 were potential
learners; the remainder formed the low-engagement/low-need group. This is an analyst-derived
classification, not a validated psychometric scale.

2.4. Statistical analysis

The analysis began with frequencies and percentages, followed by Pearson chi-squared tests of Al-
use frequency by age, research experience and gender. Monte Carlo p-values based on 10,000 simulated
tables were used when expected counts were small, and Cramér’s V quantified association strength.

Cumulative-link ordinal logistic models were estimated separately for the ethical-knowledge and
institutional-rules gaps. For five ordered categories, log[P(Y < j)/P(Y > j)] = 6j - XB, j =1, ..., 4
Exponentiated slopes are reported as odds ratios (ORs) with 95% confidence intervals; OR > 1 denotes
higher odds of a higher response category. Age, gender, research experience, Al use frequency, policy
status, and discipline were entered simultaneously. Nominal-effect diagnostics assessed the
proportional-odds assumption, and threshold parameters were omitted from substantive tables.

Moderation was tested using likelihood ratio tests with an ordered Al-intensity score ranging from 0
(never) to 4 (daily), separately interacted with research experience and institutional policy status.
Adjusted high-need probabilities were calculated by g-computation: focal variables were set to each
scenario, other covariates were retained at observed values, P(Y = 4) and P(Y = 5) were predicted for each
respondent, and the resulting values were then averaged. The age figure used an additive model
because empty cells in the oldest age group rendered the full age-by-frequency interaction rank-
deficient.

Among active Al users, a binary logistic model estimated a high ethical learning need (4-5) based on
age, gender, research experience, policy status, and discipline. A supplementary multinomial logistic
regression compared the four training-priority groups, with prepared active users as the reference
outcome category. Education, the largest disciplinary group, was used as the reference field. Because the
field of research was included as an adjustment variable rather than a focal predictor, four
comparatively small disciplinary categories (Health and Welfare, Agriculture, Transport and Services,
and Security and Defence) were combined into an ‘Other fields’ category to reduce sparse-cell
instability. Full model-fit statistics, proportional-odds diagnostics and coefficients for the field-of-
research controls are reported in Supplementary Tables S1-54.

2.5. Data collection and ethical considerations

The survey was conducted in Ukraine between 29 November and 8 December 2025. Participation
was voluntary and anonymous. The questionnaire was administered online, and no financial or other
material incentives were offered. Before completing the questionnaire, respondents were informed about
the purpose of the study, the general scope of the questions and the intended use of the collected data
for scientific research. Participation proceeded only with informed consent. Respondents were free to
decline participation or discontinue the questionnaire at any stage without adverse consequences. No
directly identifying personal information was collected, and the analytical dataset did not contain
information that could identify individual respondents. Data were analysed and reported only in
aggregate form to preserve confidentiality. The study protocol was reviewed and approved by the
Commission of Ethics at the Ukrainian Research Integrity Office.

2.6. Recruitment and survey dissemination.

Respondents were recruited through institutional and professional communication channels
involving higher education institutions, professional pre-higher education institutions, and research
organisations across Ukraine. The survey invitation was distributed electronically through the
participating institutions and professional academic networks. The completed questionnaires
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represented approximately 100 higher education and professional pre-higher education institutions, as
well as research organisations. The invitation was distributed to approximately 3,000 potentially eligible
respondents, of whom 2,376 completed the questionnaire, corresponding to an approximate completion
rate of 79.2%. Because the invitation denominator was approximate and the survey link could be
disseminated through multiple institutional and professional channels, this figure should not be
interpreted as a conventional probability-sample response rate. Participation was voluntary and based
on self-selection. Accordingly, the realised sample should be regarded as a large non-probability sample
rather than as statistically representative of all academic and research staff in Ukraine.

2.7. Statistical software

All statistical analyses were performed in R version 4.4.0 (2024-04-24 ucrt), ‘Puppy Cup’ (R
Foundation for Statistical Computing), running on the x86_64-w64-mingw32/x64 platform. Data
management and restructuring were carried out using the readxl, dplyr and tidyr packages;
contingency-table analysis and Cramér’s V were performed with DescTools; cumulative-link models
were estimated using ordinal, binary and multinomial logistic models using base R; model summaries
were generated with broom; and publication figures were produced with ggplot2. Reproducible scripts
were used throughout to ensure a consistent analytical workflow from data preparation and model
estimation to predicted probabilities and reported tables. Appendix A complements this workflow by
documenting the questionnaire items and analytical coding underlying the principal variables. Given
the cross-sectional and self-reported nature of the data, all estimated relationships are interpreted as
associations rather than causal effects.

Data Availability Statement. The anonymised dataset used in this study is available from the
corresponding author upon reasonable request, subject to applicable ethical and institutional data-
sharing requirements. The R scripts used for data preparation, statistical analysis and figure generation
are openly available via Zenodo (Artyukhov et al., 2026).

3. RESULTS AND DISCUSSION
3.1. Hei sample profile, ai use and perceived preparedness

The HEI subsample comprised 2,004 respondents. Women represented 76.3% of the sample and men
23.7%. The largest age group was 40—49 years (38.5%), followed by 50-59 years (24.2%) and 30-39 years
(19.1%). Respondents were generally experienced researchers: 69.3% reported more than 10 years of
research experience, while 12.7% had 5-10 years, 12.4% had 1-5 years, and 5.6% had less than one year.
These distributions are relevant to the later models because the sample contains a substantial
concentration of mid- and late-career respondents rather than an even distribution across career stages.

Al use was already widespread. Nearly half of respondents (48.5%) reported using Al periodically,
18.4% frequently and 7.1% daily. A further 22.9% used Al only in isolated cases, while just 3.1% reported
never using it. On the operational definition adopted for the training-priority analysis, 1,483 respondents
(74.0%) were active Al users. Institutional preparedness was less uniform: 41.6% reported that an Al
policy was in place, 24.3% reported no policy, and 34.1% were uncertain or did not know whether such a
policy existed. Thus, more than half of the HEI sample either reported no formal policy or lacked clarity
about its existence.

Tab. 1
Characteristics of the HEI analytical sample (N = 2,004)
Characteristic n (%)
Gender: women 1,530 (76.3%)
Gender: men 474 (23.7%)
Age: 18-29 years 170 (8.5%)
Age: 30-39 years 382 (19.1%)
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Characteristic

n (%)

Age: 4049 years

771 (38.5%)

Age: 50-59 years

485 (24.2%)

Age: 60-69 years 164 (8.2%)
Age: 70 years and over 32 (1.6%)
Research experience: <1 year 112 (5.6%)
Research experience: 1-5 years 248 (12.4%)
Research experience: 5-10 years 255 (12.7%)
Research experience: >10 years 1,389 (69.3%)
Al use: never 63 (3.1%)
Al use: rarely 458 (22.9%)

Al use: periodically

971 (48.5%)

Al use: frequently

369 (18.4%)

Al use: daily 143 (7.1%)

Institutional Al policy: in place 834 (41.6%)

Institutional Al policy: no policy 486 (24.3%)

Institutional Al policy: uncertain / do not know 684 (34.1%)

High ethical Al learning need (4-5) 664 (33.1%)

High institutional-rules gap (4-5) 846 (42.2%)
Active Al users 1,483 (74.0%)

Notes: Percentages are calculated within the HEI sample. ‘Active Al users” are respondents reporting periodic,
frequent or daily Al use. High need/gap denotes scores of 4 or 5 on the corresponding five-point item

The two preparedness indicators were not equivalent in prevalence. One-third of respondents
(33.1%; n = 664) reported a high need for ethical Al learning, whereas 42.2% (n = 846) reported a high
institutional-rules gap. The latter difference suggests that the shortage of clear institutional guidance is
more widespread than the perceived shortage of personal ethical knowledge. Raw policy-group
comparisons reinforce this distinction: 28.5% of respondents in institutions with an Al policy reported a
high rules gap, compared with 57.4% in institutions with no policy and 48.1% among respondents
uncertain about policy status. For ethical learning needs, the corresponding raw proportions were 26.5%,
36.8% and 38.6%.

3.2. Differences in Al-use frequency across age, experience and gender

The bivariate analysis identified age as the only demographic characteristic with a statistically
detectable association with Al-use frequency, although the magnitude was very small. The age-by-Al-
use table produced Pearson x?(20) = 34.04, p = 0.026, with a Monte Carlo p-value of approximately 0.031
and Cramér’s V = 0.065. The small effect size is important: the finding indicates modest distributional
differences across age groups rather than a strong digital divide. The lowest expected count was close to
one, reflecting the small number of respondents aged 70 years and over in some Al-use categories,
which is why the simulated p-value was also examined.

The descriptive pattern was not a simple monotonic decline in use with age. Periodic use remained
the modal category across all age groups, ranging from 46.3% among those aged 30-39 to 51.3% among
those aged 50-59. More visible differences occurred at the extremes of intensity. Frequent use was
highest among respondents aged 30-39 (24.1%) and lower among those aged 60-69 (12.2%) and 70 years
and over (12.5%). Isolated-case use increased to 31.7% among those aged 60—69 and 40.6% among those
aged 70 years and over. The oldest category contained no respondents reporting either ‘never” or ‘daily’
use, which also explains why a fully interacted age-by-frequency ordinal model was not used for the
adjusted-probability figure.
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Tab. 2
Associations between respondent characteristics and Al-use frequency
Characteristic x> df P Monte Carlo p Cramér’'s V Min. expected
Age group 34.04 20 0.026 0.031 0.065 1.01
Research experience 15.96 12 0.193 0.183 0.052 3.52
Gender 3.10 4 0.542 0.536 0.039 14.90

Notes: Monte Carlo p-values are based on simulated contingency tables and are reported as a robustness check
for sparse expected counts. Cramér’s V values below approximately 0.10 indicate small associations in this context

Research experience was not significantly associated with Al-use frequency, x?(12) = 15.96, p = 0.193,
Monte Carlo p = 0.183, Cramér’s V = 0.052. Although the least experienced group appeared less intensive
in descriptive terms (10.7% reported frequent use and 3.6% daily use compared with 18.1% and 7.5%,
respectively, among respondents with more than 10 years of experience), the overall contingency pattern
did not differ beyond sampling variation. This is useful for the later interaction analysis because it
suggests that any experience-related difference in perceived learning need cannot be reduced simply to
large differences in the marginal frequency of Al use.

Gender differences were smaller still. Al-use frequency was statistically similar for women and men,
Xx2(4) = 3.10, p = 0.542, Monte Carlo p = 0.536, Cramér’s V = 0.039. Periodic use was reported by 48.8% of
women and 47.5% of men; daily use by 7.1% and 7.2%, respectively. The absence of a meaningful gender
gap in use does not rule out differences in other dimensions of Al preparedness. Still, it indicates that
the frequency of use itself was not strongly gendered in this HEI sample. Taken together, Table 2
supports a cautious interpretation: age has a statistically detectable but weak association with Al-use
patterns. At the same time, research experience and gender do not show clear bivariate relationships
with frequency.

3.3. Ordinal models of ethical learning need and institutional-rules gap

Table 3 presents the two cumulative-link ordinal models for the full HEI sample (N = 2,004). In the
cumulative-link ordinal model of ethical Al learning need, reporting no institutional Al policy was
associated with higher ethical-learning-need categories (OR = 1.48, 95% CI [1.20, 1.81], p <0.001), as was
uncertainty about policy status (OR =1.61, 95% CI [1.34, 1.95], p <0.001).

Age was associated with ethical learning needs but not with the rules gap. Relative to respondents
aged 18-29, the 50-59 group had OR = 1.64 (p = 0.014) and the 60-69 group OR = 1.86 (p = 0.009); the
remaining age contrasts were not significant. Thus, age differences appear to concern perceived personal
preparedness rather than institutional guidance.

Tab. 3
Ordinal logistic regression models for ethical learning needs and the institutional-rules gap
Predictor Ethical need OR P Rules gap OR P
[95% CI] [95% CI]

Age 30-39 vs 18-29 1.14[0.79, 1.64] 0.497 0.83 [0.57, 1.20] 0.313
Age 40—49 vs 18-29 1.43[0.99, 2.08] 0.059 1.03[0.71, 1.50] 0.868
Age 50-59 vs 18-29 1.64 [1.11, 2.43] 0.014 1.10[0.74, 1.63] 0.626
Age 60—69 vs 18-29 1.86[1.17, 2.96] 0.009 1.07 [0.67, 1.69] 0.781
Age 270 vs 18-29 2.10[0.99, 4.44] 0.052 0.76 [0.36, 1.60] 0.475
Women vs men 0.99[0.81, 1.20] 0.897 1.00[0.83, 1.22] 0.962
Experience 1-5 vs <1 year 1.00 [0.66, 1.51] 0.997 0.97 [0.64, 1.46] 0.887
Experience 5-10 vs <1 year 1.02 [0.66, 1.57] 0.946 0.99 [0.64, 1.53] 0.976
Experience >10 vs <1 year 0.72 10.48, 1.08] 0.113 0.84 [0.56, 1.26] 0.396
Al use: never vs rarely 0.71[0.43, 1.18] 0.191 0.93[0.56, 1.52] 0.763
Al use: periodically vs rarely 0.87[0.72, 1.07] 0.192 1.09[0.89, 1.34] 0.389
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Predictor Ethical need OR P Rules gap OR P
[95% CI] [95% CI]
Al use: frequently vs rarely 0.77 [0.60, 1.00] 0.046 1.07 [0.83, 1.37] 0.626
Al use: daily vs rarely 0.7410.52, 1.05] 0.092 1.06 [0.74, 1.52] 0.765
No Al policy vs policy in place 1.48 [1.20, 1.81] <0.001 | 3.64[2.94,4.49] | <0.001
Uncertain/do not know vs policy in place 1.61 [1.34, 1.95] <0.001 | 2.41[2.00,2.91] | <0.001

Notes: Both models include field-of-research controls. OR > 1 denotes higher odds of being in a higher response
category. Reference categories: age 18-29; men; <1 year research experience; Al use in isolated cases; institutional
Al policy in place. Discipline coefficients are omitted from the table for compactness because discipline is a control
rather than the focal explanatory variable

Al-use frequency had a limited independent association with ethical learning need: frequent use was
associated with lower odds than isolated-case use (OR = 0.77, p = 0.046), while daily use showed the
same direction but was non-significant (OR = 0.74, p = 0.092). Gender and research-experience main
effects were non-significant in both models. For the rules gap, institutional status dominated: no policy
corresponded to OR = 3.64 and uncertainty to OR = 2.41 (both p <0.001).

3.4. Does the Al-use gradient vary by research experience or institutional policy?

The interaction analysis distinguished career-stage heterogeneity from policy moderation. Al
intensity x research experience significantly improved model fit, LR x%(3) = 8.82, p = 0.032. In contrast, Al
intensity x policy was non-significant, LR x?(2) = 0.34, p = 0.843, and the categorical policy x Al-
frequency interaction used for Figure 2 was also non-significant, x*(8) = 5.51, p = 0.702. Thus, experience
modifies the Al-use/learning-need relationship, whereas policy status mainly shifts its level.

Tab. 4
Interaction tests and experience-specific Al-intensity associations
Statistic Comparison/subgroup X2 df P OR per one-step
Al-intensity
increase
Joint interaction test Al 1nten51t¥ x research 8.82 3 0.032 -
experience
Joint interaction test Alintensity x. institutional 0.34 2 0.843 -
policy
Figure-specific test Policy status x categorical Al 5.51 8 0.702 -
frequency
Experience-specific slope <1 year - - 0.500 1.17[0.75, 1.82]
Experience-specific slope 1-5 years - - 0.060 1.280.99, 1.65]
Experience-specific slope 5-10 years - - 0.493 0.9210.71, 1.18]
Experience-specific slope >10 years - - 0.007 0.86[0.77, 0.96]

Notes: The Al-intensity score ranges from 0 (never) to 4 (daily). Experience-specific ORs are linear
combinations from the interacted ordinal model. Values below 1 indicate lower odds of a higher ethical-learning-
need category as Al-use intensity increases

Experience-specific slopes clarify the joint interaction. For respondents with more than 10 years of
experience, each one-step increase in Al intensity was associated with lower odds of a higher ethical-
learning-need category (OR = 0.86, 95% CI [0.77, 0.96], p = 0.007). The 5-10-year and <l-year slopes were
non-significant, while the 1-5-year group showed a borderline positive gradient (OR = 1.28, p = 0.060).
This pattern is compatible with greater recognition of ethical complexity at earlier career stages and
greater perceived preparedness among experienced, intensive users.

The interaction is associative rather than causal, because more prepared researchers may self-select
into intensive Al use. Even so, it argues against a uniform training model: learning needs vary by career
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stage, despite the non-significant bivariate association between research experience and the frequency of
Al use.

Policy status was strongly associated with perceived need, but it did not significantly alter the Al-
intensity gradient. Institutional policy, therefore, appears to shift the general level of preparedness
rather than alter how additional AI use relates to learning need; non-parallel lines in Figure 2 should not
be read as evidence of a supported interaction.

3.5. Adjusted ethical ai learning needs across age groups

Figure 1 translates the ordinal model into the adjusted probability of reporting a high need for
ethical Al learning (scores 4-5). Because the oldest age category contained empty cells for some Al-use
levels, the figure is based on an additive model with age and Al-use frequency entered as main effects.
At the same time, gender, research experience, institutional policy status and discipline are held at their
observed distributions through g-computation. The figure should therefore be read as a comparison of
adjusted age and Al-use profiles rather than as a formal test of an age-by-frequency interaction.

40%

Frequency of Al use
=@ Never
=& Rarely
=i Periodically
Frequently
Daily
30%

Adjusted probability of high ethical Al learning needs

Q$:" ,256 ,2\(6
® o) o¥® o¥® o¥®
A\ 'b B L @ (A7

Age group
Fig. 1. Adjusted probability of high ethical Al learning needs by age group and frequency of Al use

Notes: Predicted probabilities are adjusted for gender, research experience, institutional Al policy status, and
field of research. The high-need outcome combines response categories 4 and 5. The full age-by-frequency
interaction was avoided because sparse cells in the oldest group produced a rank-deficient specification

The age-related increase in predicted ethical Al learning need is broadly visible across the larger Al-
use categories, although the profiles are not perfectly parallel or monotonic. In particular, the Never
category, which contains only 63 respondents (3.1% of the HEI sample), shows a less regular pattern and
generally yields lower predicted probabilities than the other use categories. Among the more populated
categories, adjusted probabilities tend to rise with age. For example, under the Rarely-use scenario, the
predicted probability increases from about 29.0% among respondents aged 18-29 to 45.6% among those
aged 70 years and over, while under the Daily-use scenario it rises from about 23.3% to 38.4%. The figure
should therefore be interpreted as showing a broad age-related pattern rather than a perfectly smooth
gradient across every Al-use category.
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At a given age, a higher frequency of Al use is not associated with a higher predicted learning need
in this additive specification. The isolated-case-use profile is generally the highest, while frequent and
daily use are lower. This is consistent with the main ordinal result, in which frequent use was associated
with lower odds of being in a higher ethical-knowledge-gap category relative to isolated-case use. The
substantive message is therefore not that older respondents use Al less (Table 2 showed only a weak age
association with frequency), but that older age groups report greater ethical learning needs after
adjustment for how often Al is used. This distinction is important for professional development
planning: an age-related preparedness gradient may persist even where access to or use of Al is already
widespread.

3.6. Adjusted ethical Al learning needs by institutional policy status

Figure 2 focuses on the institutional dimension. It presents adjusted probabilities from a model that
includes categorical Al-use frequency, policy status and their interaction, with age, gender, research
experience and discipline included as controls. The interaction was not statistically significant overall
(x2(8) = 5.51, p = 0.702), so the figure should be interpreted primarily as a descriptive comparison of
policy-related differences rather than as evidence that the association between Al use and learning need
varies by policy status. Across most Al-use categories, respondents who reported that an institutional Al
policy was in place had lower adjusted probabilities of high ethical learning need than those who
reported no policy or uncertainty about policy status. The pattern was not completely uniform,
however. Among the small group of respondents who never used Al (n = 63), the predicted probability
for the no-policy group dipped slightly below that for the policy-in-place group. Given the limited size
of this subgroup, the isolated reversal should be interpreted cautiously. Across the substantially larger
Rarely, Periodically, Frequently and Daily categories, the broader policy-related pattern was more
consistent.
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Adjusted probability of high ethical Al learning needs
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20%

Never Rarely Periodically Frequently Daily
Frequency of Al use
Fig. 2. Adjusted probability of high ethical Al learning needs by frequency of Al use and institutional
Al-policy status
Note: Predicted probabilities are adjusted for age, gender, research experience and field of research. The figure
is presented descriptively because the overall institutional Al-policy status x Al-use frequency interaction was not
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statistically significant (x*(8) = 5.51, p = 0.702). Differences in the trajectories should therefore not be interpreted
as evidence of moderation

The policy-in-place group generally remained within a comparatively narrow range of
approximately 25-30% predicted high need. Corresponding probabilities were often appreciably higher
among respondents reporting no policy or uncertainty about policy status. For the rarely used, the
adjusted probability was approximately 42.6% in the no-policy group and 40.0% among those uncertain
about policy, compared with about 29.9% where a policy was reported to be in place. For periodic use,
the corresponding values were approximately 34.7%, 40.4% and 27.0%. Although the exact ordering of
the no-policy and uncertain groups varied across Al-use categories, both generally showed higher
predicted learning needs than the policy-in-place group.

The graphical pattern reinforces the interpretation of Table 3. Institutional policy status is associated
with a lower overall perceived need for ethical learning, whereas the evidence does not support a stable
moderation of the Al-use gradient. The more pronounced policy coefficients in the rules-gap model
further suggest that institutional policies operate most directly through clarity and guidance. A formal
policy may therefore be associated not only with a lower perceived absence of rules but also with a
lower perceived ethical knowledge deficit, potentially because policies signal organisational attention,
provide access to guidance, or clarify acceptable practice. The cross-sectional design cannot identify
which of these mechanisms is responsible, but the association is robust to the demographic, experience,
use-frequency, and discipline controls included.

3.7. Identifying active but underprepared Al users

The training-priority classification provides a direct estimate of the scale of professional learning
need among existing Al users. Of the 2,004 HEI respondents, 1,483 (74.0%) met the definition of active
Al use. Among these active users, 472 reported an ethical knowledge gap score of 4 or 5. Thus, 31.8% of
active Al users (and 23.6% of the full HEI sample) were classified as active but underprepared. Prepared
active users were the largest group (n = 1,011; 50.4% of the HEI sample). A further 192 respondents
(9.6%) were potential learners who combined low Al engagement with high perceived need, and 329
(16.4%) were in the low-engagement/low-need group.

The policy distribution of these groups is substantively revealing. In institutions where respondents
reported an Al policy, 57.4% were prepared active users, and 20.4% were active but underprepared.
Where no policy was reported, the prepared-active share fell to 49.8%, and the active-but-underprepared
share increased to 26.5%. Among respondents uncertain about policy, only 42.4% were prepared active
users, 25.3% were active but underprepared, and 13.3% were potential learners. These descriptive results
indicate that policy uncertainty is associated with both reduced preparedness among active users and a
larger group of less-engaged respondents who nevertheless recognise a substantial learning need.

Tab. 5
Binary logistic regression for high ethical learning need among active Al users (N =1,483)
Predictor OR [95% CI] p
Age 30-39 vs 18-29 1.20[0.71, 2.03] 0.498
Age 4049 vs 18-29 1.41 [0.83, 2.42] 0.209
Age 50-59 vs 18-29 1.72[0.98, 3.04] 0.061
Age 6069 vs 18-29 1.86 [0.95, 3.65] 0.070
Age >70 vs 18-29 1.73 [0.52, 5.26] 0.347
Women vs men 1.00 [0.76, 1.34] 0.979
Experience 1-5 vs <1 year 0.89[0.49, 1.62] 0.692
Experience 5-10 vs <1 year 0.72 [0.38, 1.37] 0.314
Experience >10 vs <1 year 0.59[0.33, 1.09] 0.089
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Predictor OR [95% CI] p
No Al policy vs policy in place 1.47[1.11, 1.95] 0.007
Uncertain/do not know vs policy in place 1.64 [1.26, 2.14] <0.001

Notes: The model is restricted to respondents who report periodic, frequent, or daily Al use and includes field-
of-research controls. The outcome equals 1 for ethical-learning-need scores of 4-5. Discipline coefficients are
omitted because the field of research is included as an adjustment rather than a focal explanatory variable

The binary logistic model restricted to active Al users confirms the central role of institutional policy
in perceived underpreparedness. Relative to active users in institutions where an Al policy was reported
to be in place, those reporting no Al policy had 47.3% higher odds of a high ethical Al learning need (OR
=1.47, 95% CI [1.11, 1.95], p = 0.007). Active users who were uncertain or did not know whether such a
policy existed had 64.2% higher odds of reporting a high ethical Al learning need (OR = 1.64, 95% CI
[1.26, 2.14], p < 0.001). The age coefficients for respondents aged 50-59 and 60-69 years were positive but
did not reach the 5% significance threshold, while more than ten years of research experience was
associated with a non-significant tendency towards lower odds. Gender remained essentially unrelated
to the outcome. Overall, the binary model reproduces the substantive pattern observed in the whole-
sample ordinal model within a more targeted subgroup: the absence of or uncertainty about institutional
Al policy is associated with a greater perceived need for ethical Al learning among respondents who
already actively use Al

3.8. Four-group robustness analysis and integrated results

The supplementary multinomial logistic model was re-estimated using prepared active users as the
reference outcome category and Education, the largest disciplinary category, as the reference field.
Because the field of research served as an adjustment variable rather than a focal explanatory factor, four
comparatively small disciplinary categories were combined into an ‘Other fields’ category. This re-
specification removed the zero-cell problem present in the initial model and yielded interpretable
estimates across all training-priority groups.

The revised multinomial results confirmed the main institutional-policy pattern. Relative to
prepared active users, respondents reporting no institutional Al policy were more likely to belong to the
active-but-underprepared group (RRR = 1.49, 95% CI [1.13, 1.98], p = 0.005), while uncertainty about
policy status was associated with an even higher relative risk (RRR = 1.65, 95% CI [1.27, 2.14], p < 0.001).
The corresponding associations were stronger for potential learners: RRR = 1.96 (95% CI [1.28, 3.00], p =
0.002) when no policy was reported, and RRR = 2.73 (95% CI [1.86, 4.00], p < 0.001) when respondents
were uncertain about policy status. Policy uncertainty was also associated with a higher relative risk of
belonging to the low-engagement/low-need group rather than the prepared-active group (RRR = 1.44,
95% CI [1.08, 1.93], p = 0.014).

Career-stage differences were also evident. Respondents aged 60-69 were more likely than those
aged 18-29 to belong to the potential-learner group rather than the prepared-active group (RRR = 3.22,
95% CI [1.37, 7.58], p = 0.008), whereas more than 10 years of research experience was associated with a
lower relative risk of the potential-learner profile (RRR = 0.45, 95% CI [0.21, 0.95], p = 0.036). Longer
research experience was also associated with a lower relative risk of the low-engagement/low-need
profile: RRR = 0.49 for 5-10 years (p = 0.031) and RRR = 0.43 for more than 10 years (p = 0.006). These
results complement the significant Al-intensity-by-experience interaction in the ordinal model and
suggest that career stage is related not simply to whether Al is used, but to how Al engagement
combines with perceived preparedness

Some field-of-research contrasts were statistically significant in the revised multinomial model;
however, because discipline was included solely as an adjustment covariate and the pooled ‘Other
fields’ category is substantively heterogeneous, these coefficients are reported in the supplementary
table and are not interpreted as central findings.
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3.9. Summary of empirical findings

Across the analyses, five results are particularly consistent. First, Al use is already normalised in this
HEI sample: three-quarters of respondents use Al at least periodically, and fewer than one in thirty
report never using it. Second, widespread use coexists with substantial learning needs. One-third of all
HEI respondents report a high need for ethical Al learning, and almost one-third of active users are
classified as active but underprepared. Third, institutional policy status is the most stable correlate of
preparedness. Reporting no policy or uncertainty about policy is associated with higher ethical-learning-
need categories, substantially higher institutional-rules gaps and higher odds of underpreparedness
among active users. Fourth, age matters primarily for perceived ethical preparedness rather than for
institutional rules: adjusted probabilities of high ethical learning need rise across age groups even
though the age association with Al-use frequency itself is small. Fifth, research experience moderates the
relationship between Al-use intensity and perceived ethical learning need. Among respondents with
more than 10 years of research experience, greater Al use intensity is associated with a lower reported
need. In contrast, the pattern is weaker or runs in the opposite direction among less-experienced groups.

The results support a differentiated view of responsible Al professional learning. A sizeable group
already uses Al regularly while perceiving a lack of ethical knowledge, and this group is more common
where institutional policy is absent or unclear. Older respondents also exhibit higher adjusted learning
needs, while the career stage shapes the relationship between repeated Al use and preparedness. The
evidence, therefore, favours accessible institutional guidance combined with career-sensitive
professional learning, without causal claims beyond the cross-sectional design.

3.10. Discussion

The findings indicate that widespread AI adoption in Ukrainian higher education should not be
equated with responsible Al preparedness. Although 74.0% of respondents used Al at least periodically,
one-third reported high ethical Al learning needs, and almost one-third of active users were classified as
active but underprepared. This finding supports the broader shift in the literature from viewing Al
competence as operational familiarity towards understanding it as a multidimensional combination of
technical, cognitive, behavioural and ethical capabilities (Ng et al., 2023; Ng et al., 2024; Wang et al.,
2023). It is also consistent with arguments that the normalisation of generative Al in universities creates
new tensions around critical evaluation, integrity and responsible academic practice rather than
resolving them through greater use alone (Adamakis & Rachiotis, 2025; Francis et al., 2025; Walter,
2024). The present results extend this literature by identifying a sizeable group whose active engagement
with Al coexists with substantial perceived ethical-learning needs. Thus, repeated use may generate
practical familiarity, but it should not be interpreted as evidence of responsible Al preparedness.

Institutional policy emerged as the most consistent correlate of preparedness across the
complementary model specifications. In the cumulative-link ordinal models for the full HEI sample,
respondents reporting no institutional Al policy or uncertainty about policy status had higher odds of
being in higher ethical-learning-need and institutional-rules-gap categories. Consistently, in the binary
logistic model restricted to active Al users, the odds of reporting a high ethical Al learning need were
47.3% higher when no policy was reported (OR = 1.47, 95% CI [1.11, 1.95]) and 64.2% higher when
respondents were uncertain whether a policy existed (OR = 1.64, 95% CI [1.26, 2.14]) than when a policy
was reported to be in place. These findings align with research arguing that responsible Al
implementation requires governance arrangements combining formal rules, legal awareness, ethical
literacy and accessible institutional guidance (Chan, 2023; Chumachenko et al., 2025; Oncioiu & Bularca,
2025), and with evidence that Ukrainian universities differ in the maturity of their institutional Al
policies (Suchikova & Omelchuk, 2026). At the same time, the non-significant Al-use-by-policy
interaction indicates that policy status does not substantially alter the association between increasing Al
use and perceived learning need. Rather, policy presence appears to be associated with a generally
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lower level of perceived learning and guidance gaps. This suggests that the visibility, communication
and practical interpretation of institutional policy may be as important as its formal existence,
particularly given that more than one-third of respondents were uncertain whether such rules were in
place.

The age and research-experience findings further support a differentiated rather than uniform model
of professional learning. In the whole-sample cumulative-link ordinal model, respondents aged 50-59
and 60-69 had significantly higher odds of reporting greater ethical Al learning needs than those aged
18-29, although age differences in Al-use frequency itself were weak. The relevant divide therefore
appears to concern perceived preparedness rather than simply access to or frequency of Al use. Research
experience added further nuance: the significant Al-intensity-by-experience interaction showed that,
among respondents with more than ten years of research experience, greater Al-use intensity was
associated with lower perceived ethical learning needs, whereas the relationship was weaker or absent
among less-experienced groups. This pattern is compatible with research suggesting that Al-related
professional learning, workforce adaptation and digital self-efficacy develop differently across
professional contexts and career stages (Hart, 2025; Lamichhane et al., 2026; Mamdouh et al., 2025). In
the Ukrainian context, where higher education is simultaneously adapting to rapid technological change
and broader pressures on institutional and intellectual capacity, such heterogeneity strengthens the case
for career-sensitive and institutionally supported professional development rather than one-size-fits-all
Al training (Iurchenko & Ponomarenko, 2025; Yeremenko, 2026).

A further interpretive caution concerns the negative association between Al-use frequency and
perceived ethical learning need. In the cumulative-link ordinal model for the full HEI sample, frequent
users had lower odds of reporting a higher ethical-learning-need category than rare users (OR=0.77, p =
0.046), and Figure 1 shows a broadly similar descriptive pattern. One interpretation is that researchers
who are better prepared for responsible Al use are more likely to adopt these tools intensively, or that
repeated use contributes to greater familiarity with ethical and procedural requirements. However, the
opposite interpretation is equally plausible. Because the outcome measures perceived rather than
objectively demonstrated competence, intensive users who are highly confident in their AI practices may
underestimate ethical risks or fail to recognise gaps in their own knowledge. A lower self-reported
learning need therefore does not necessarily indicate greater objective preparedness and may instead
reflect limited recognition of ethical complexity. The cross-sectional and self-reported design cannot
distinguish between these explanations. The negative Al-use gradient should therefore be interpreted as
an association with perceived learning need rather than as evidence that intensive Al use produces or
necessarily reflects greater ethical competence. The significant interaction with research experience
requires the same caution: among respondents with more than ten years of experience, greater Al-use
intensity was associated with lower perceived learning needs, but this may reflect either accumulated
competence or greater confidence in existing practices. Objective or performance-based measures of Al
literacy and ethical competence would be required to distinguish preparedness from perceived
preparedness.

4. CONCLUSIONS

The study examined responsible Al preparedness as an element of continuous digital professional
learning in Ukrainian higher education, with particular emphasis on how perceived ethical Al learning
needs differ across career stages and patterns of Al use, and how these needs relate to the institutional
policy environment. Rather than treating AI adoption itself as evidence of readiness, the research
focused on the extent to which practical use of Al is accompanied by perceived ethical preparedness and
sufficiently clear institutional guidance.

The analysis used cross-sectional survey data collected in Ukraine between 29 November and 8
December 2025, restricting the analytical sample to 2,004 respondents representing higher education
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institutions. The empirical strategy combined descriptive statistics, chi-squared tests and Cramér’s V,
cumulative-link ordinal logistic regression, interaction models, adjusted predicted probabilities, and a
binary logistic model of active-but-underprepared Al users, supplemented by an exploratory
multinomial classification.

Al use was already widespread in the HEI sample, with 74.0% of respondents using Al at least
periodically. At the same time, 33.1% reported a high ethical Al learning need, indicating that adoption
and responsible preparedness should not be treated as equivalent. Among active Al users, 472
respondents were classified as active but underprepared, corresponding to 31.8% of active users and
23.6% of the full HEI sample. Institutional policy status was the most consistent correlate of perceived
preparedness. In the binary logistic model restricted to active Al users, respondents reporting no
institutional Al policy had 47.3% higher odds of a high ethical AI learning need (OR =1.47, 95% CI[1.11,
1.95]), while those uncertain about whether such a policy existed had 64.2% higher odds (OR =1.64, 95%
CI [1.26, 2.14]) than respondents reporting a policy in place. The whole-sample ordinal analyses further
showed that perceived ethical learning needs tended to be higher among older respondents, whereas
gender showed little systematic association with underpreparedness. Research experience significantly
moderated the relationship between Al-use intensity and perceived ethical learning need, suggesting
that career stage shapes how repeated Al use relates to preparedness. By contrast, institutional policy
did not significantly moderate the Al-use gradient, indicating that policy presence is associated
primarily with lower overall levels of perceived learning and guidance gaps rather than with different
effects of increasing Al use.

From a higher-education policy perspective, the findings indicate that responsible Al development
should not be limited to issuing formal institutional regulations or encouraging the adoption of new
digital tools. Universities should combine visible, accessible, and practically interpretable Al policies
with continuous professional learning opportunities that address ethical decision-making, academic
integrity, transparency in Al use, responsible verification of Al-generated outputs, and appropriate
research practice. Particular attention should be given to academic staff who already use Al regularly
yet continue to perceive substantial ethical knowledge gaps, as this group accounts for almost one-third
of active users in the sample. Professional development should also be differentiated by career stage
rather than delivered through a uniform model: older, more experienced researchers may require
different forms of support from early-career researchers, whose Al use and perceptions of preparedness
develop under different professional conditions. Importantly, the relatively high level of uncertainty
about whether institutional AI policies exist suggests that policy communication itself should be
considered part of institutional digital education; a policy that is formally adopted but poorly
communicated is unlikely to provide effective guidance. Such measures would position responsible Al
competence as part of continuous professional learning in higher education. They could contribute to
broader objectives of digital education, institutional innovation and quality lifelong learning.

Several limitations should be considered when interpreting these findings. First, the study is based
on cross-sectional, self-reported survey data and therefore identifies associations rather than causal
effects; for example, institutions with clearer Al policies may differ from other institutions in ways that
are not fully captured by the available covariates. Second, participation was voluntary and based on
non-probability recruitment, creating a potential risk of self-selection bias. Respondents with greater
interest in, familiarity with, or stronger views about Al may have been more likely to participate. This
concern is particularly relevant given the composition of the HEI analytical sample: 76.3% of
respondents were women, 69.3% had more than ten years of research experience, and only 3.1%
reported never using Al Moreover, no survey weights were available. Consequently, the observed
prevalence of Al use and the distribution of preparedness profiles should not be interpreted as
nationally representative population estimates for Ukrainian higher education. Third, both focal
outcomes were measured using single questionnaire items, so internal-consistency reliability could not
be estimated. In addition, the two outcomes and institutional Al-policy status were obtained from the
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same self-reported questionnaire at the same point in time; consequently, common-method variance
cannot be excluded. The measures, therefore, capture perceived rather than objectively demonstrated
preparedness and institutional guidance. The active-but-underprepared category is likewise an
analytically constructed classification rather than a validated diagnostic measure of Al competence.
Fourth, respondents’ reports of institutional Al policy status do not establish the actual content, quality,
implementation, visibility, or enforcement of those policies. Fifth, the supplementary multinomial
analysis required four comparatively small disciplinary categories to be pooled into an ‘Other fields’
category to reduce sparse-cell instability. Although this produced a stable specification, the
heterogeneous composition of the pooled category limits discipline-specific interpretation of the
multinomial results. Future research should combine longitudinal or institutionally stratified designs
with objective or performance-based measures of Al literacy and ethical competence. Scenario-based
assessments of academic integrity, verification, transparency and responsible AI decision-making could
help determine whether lower reported learning needs among intensive users reflect genuine
competence, overconfidence or limited recognition of ethical risks. Further studies should also verify the
characteristics of institutional Al policies and test whether targeted professional development reduces
the identified preparedness gaps.
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Aptem Aptioxos, AMutpo Uymauenko, Jenuc badaes, Aprem Koagoscrkuii, Bikrop Uennios. Big Buxopucrans:s
IIITYYHOTO iHTeAeKTy A0 BiAIIOBiAaAbHOI TOTOBHOCTI A0 JIOTO 3aCTOCYBaHH:: OTpeOM y mpodeciiiHoMy HaBYaHHI B
yKpalHCbKiit Bumtist ociti. XKypraa Ipuxapnamcoxozo yrisepcumemy imeni Bacurs Cmedaruia, 13 (3) (2026), 164-185.

Isuaka iHTerpariisg IITYJHOTO iHTeAeKTy Yy BHIIy OCBiTYy IlOcMAMAa TOTpeOy pO3MeKOByBaTU PYTMHHe
puxopucranas ITII Ta roTroBHiCTh BMKJagadiB i HayKOBIIB 3aCTOCOBYBaTH JOTO BiAIlOBigaAbHO 11 €TMYHO 3a
HaAeXHOIO iHCTUTYLIMHOIO cynpoBogy. MeTa 40CAig’KeHHs — IIpoaHaAi3yBaTu TOTOBHICTb A0 BiAIIOBigaAbHOTO
sukopucranss 11 sk ckaagosy 6esnepepsHOTo udpoBoro mpodeciiiHoro Hap4aHHA B YKPAIHCBHKil BUIIIN OCBITi,
BUSBUBIIM BiAMiHHOCTI y moTpebax 11040 etuyHoro sukopuctanHs III 3a eramamm Kap’epm Ta piBHSAMU J1OTO
BUKOPMCTaHH:, a TaKOXK IXHiM 3B"s30K 3 iHCTUTYLiMHOIO MToAiTnkoIo mogo HII. Bukopucrano gaHi morepeyHoro
onutysanHsa 2 004 mpeACTaBHUKIB YKpaiHCBKMX 3aKAaAiB BMUILNOI OCBiTM Ta OMNMCOBY CTaTUCTUKY, KPUTEepiit Xi-
kBagpaT, V Kpamepa, mHOpsAAKOBY AOTiCTUYHY perpecilo, MogeaAi B3a€MOJil, CKOpMUIOBaHi ITPOTHO30BaHi
MMoBipHOCTI 11 OiHapHy AorictmuHy perpecifo. Il npmuaiimai nepioguuno sukopucrosysaau 74,0 %
pecriongenTis; 33,1 % moBizoMMAM IIPO BUCOKI HOTpedM B HaBuaHHI 111040 eTraHOro Bukopucranus 11, a 42,2 % —
PO 3HauHi MPOraAMHN B iIHCTUTYLIMTHNUX ITpaBuAax abo pekoMeHallisx. Cepe akKTUBHMX KOPUCTyBauiB 472 ocoOu
Oyan kaacudixosaHi AK aKTMBHi, ale HeAOCTaTHBO IiATOTOBAEHI, MO cTaHOBNUAO 31,8 % aKTMBHMX KOPMCTyBauiB i
23,6 % subipkm 3BO. IlopiBHSIHO 3 pecriOHAeHTaMM, SIKi ITOBiJOMMAM IIPO HAasBHICTb iHCTUTYIIHOI HOAITHMKH
moao I, akTmBHI KOpHUCTyBaui B ycTaHOBax Oe3 TaKol MOAITMKU Maau Ha 47,3 % BUIITY MIMOBipPHICTb BMCOKOI
rorpedu B eTnyHoMy HasuanHi (OR = 1,47; 95 % Al [1,11; 1,95]), a HeBM3HaUYeHiCTH 11JOAO HOAiTHMKM Oyaa OB s13aHa
3 Ha 64,2 % Bumumvn mancamu (OR = 1,64; 95 % Al [1,26; 2,14]). [lorpebu Oyau BUIIMMU Cepes, PeCIIOHAEHTIB
Bikom 50-59 pokiB (OR = 1,64) i 60-69 poxis (OR = 1,86), Hix cepea 18-29-piunmx. Jocsiag HaykoBOi poOOTH
3Hauyme MoAuQiKyBas 35 5I30K MiX iHTeHcMBHicTIO Bukopucranss 11 ta moTpedoro B HapuanHi (LR x2(3) = 8,82; p
=0,032).

Karo4dosi caoBa: mTydyHmi1 iHTeAeKT, BUIla OCBiTa, eTMYHAa IiATOTOBKa, IMpodeciiiHe HaBYaHH:, MOAITHKa Y
cdepi mTYyIHOrO iHTEAEKTY, HayKOBO-TIeAarOTiYHMII IepcoHa, 1P poBa KOMIIETEHTHICTb.
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Appendix A. Questionnaire items used in the principal analyses

The items below are reproduced from the original Ukrainian-language survey instrument. English translations
are provided for transparency. The two preparedness outcomes were measured using single items; therefore,

internal-consistency reliability coefficients are not applicable

learning need

to use artificial intelligence tools
ethically in research.

Analytical
natytiea Questionnaire item Response options and analytical coding
construct
Five-point ordered response scale: 1-5. Higher values
. indicate a greater perceived need for Al learning in
I feel I
Ethical AI feel Ilack the knowledge required ethics. The full 1-5 scale was retained in the ordinal

models; scores 4-5 were classified as high need for
descriptive, predicted-probability training-
priority analyses.

and

I lack clear rules and/or official

Five-point ordered response scale: 1-5. Higher values
indicate a greater perceived institutional-rules gap.

implementation of Al in research
activities?

Institutional- olicies concerning the use o
P e . 8 , f The full 1-5 scale was retained in the ordinal model;
rules gap artificial intelligence in research at . .
e scores 4-5 were classified as a high gap for
my institution. o
descriptive analyses.
Never; Rarely; Periodically; Frequently; Daily. In the
Al-use How often do you use artificial interaction models, these categories were coded 04,
-u o . . . . e
intelligence tools in your research | respectively. For the training-priority classification,
frequency . . .
work? Periodically, Frequently and Daily were defined as
active Al use.
Does the educational institution or | Yes, as a separate document; Yes, as part of a broader
L research institution where you document on AI implementation in the institution;
Institutional D, g
. work, or study, have an official No; Difficult to say / Do not know. The two
Al-policy . . . : .
status policy on the use or affirmative responses were combined into the Al

policy in place. The remaining analytical categories
were "No Al policy" and "Uncertain /do not know".

Notes: The original questionnaire was administered in Ukrainian. For transparency and readability, the items reproduced
in this appendix are English translations of the original Ukrainian wording. The translation preserves the substantive
meaning and response structure of the original instrument. For consistency throughout the manuscript, the five Al-use
categories are reported as Never, Rarely, Periodically, Frequently, and Daily. The two preparedness outcomes are single-item
measures rather than multi-item psychometric scales; therefore, internal-consistency reliability coefficients are not applicable.
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