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Abstract

Generative artificial intelligence (AI) chatbots are increasingly prominent in higher educa-
tion, but temporal evidence on student perceptions remains limited in English-medium
transnational STEM education. This repeated cross-sectional study surveyed students at
a Sino-British engineering institution in Spring 2023 (Wave 1; N = 165) and Spring 2025
(Wave 2; N = 297), and found that familiarity (37.6% vs. 67.3%; OR = 3.43), willingness
(55.8% vs. 77.8%; OR = 2.78), comfort (63.6% vs. 74.4%; OR = 1.66), and perceived overall
learning enhancement (46.1% vs. 69.0%; OR = 2.61) were higher in 2025. In a respondent-
level model combining Wave 1 with the Spring four-programme subset (analytic N = 426),
survey wave remained associated with willingness after adjustment for programme and
year (OR = 3.51, 95% CI 2.17–5.69, p < 0.001). In the Wave 2 Spring concern checklist
(N = 297), accuracy (51.5%) and deduplicated over-reliance (50.2%) were the leading con-
cerns; because the concern blocks differed in format and options, specific concerns cannot
be shown to have increased or matured. The findings indicate higher population-level
adoption readiness, not individual progression or routine use. “Concern maturation”
remains a hypothesis requiring invariant instruments and panel designs.

Keywords: AI chatbots; generative AI; adoption readiness; student perceptions; transnational
education; STEM; repeated cross-sectional; Diffusion of Innovations

1. Introduction
Generative AI (GenAI) chatbots have become widely visible across higher education,

with large surveys and multi-country studies reporting substantial student engagement
alongside persistent concerns about trustworthiness, over-reliance, and academic integrity
(Freeman, 2025; Attewell, 2025; Ravšelj et al., 2025; Cabrera & Neville, 2025). Nevertheless,
much of the evidence remains cross-sectional. Temporal studies are still uncommon, and
familiarity or willingness should not be assumed to represent actual frequency or purposes
of use; for example, Polyportis (2024) reports that usage can decline even while a technology
becomes more widely known. This distinction is important because the present surveys
measure perceptions and adoption readiness rather than behavioural normalisation.

A second gap concerns context. English-medium instruction (EMI) transnational educa-
tion (TNE) programmes in China combine UK-aligned curricula with local learning cultures
and a mainland digital environment in which access to commercial platforms may differ
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from UK settings. These programmes are underrepresented in research on GenAI adoption,
limiting evidence for context-sensitive guidance, assessment, and student support.

This paper addresses these gaps using samples drawn from the same Sino-British joint
engineering institution. The published single-institution Wave 2 study reported item-level
descriptive findings from 297 respondents, including adoption readiness, perceived ben-
efits, concerns, and requested features (Kajan et al., 2025); a later multi-institution study
used the broader 2025 dataset (N = 467, including 300 respondents from the present institu-
tion) to examine lecturer-role expectations, social ambivalence, and ambivalence literacy
(Kajan et al., 2026b); and a related conference paper examined integration preferences using
the broader 2025 dataset (Kajan et al., 2026a). The present paper introduces the previously
unreported Wave 1 baseline (Spring 2023; N = 165) and contributes new between-wave
comparisons of common items and a respondent-level adjusted analysis. Neither the 2023
baseline nor the 2023–2025 temporal comparisons were reported in the earlier publications.
Appendix D summarises the relationship among these outputs.

The paper gives evidential priority to directly comparable measures of familiarity,
importance, willingness, comfort, and perceived learning enhancement. Concern and
desired-support items are reported as separate wave-specific profiles because Wave 1 used
a restricted single-choice format whereas Wave 2 used broader multiple-response checklists.
Diffusion of Innovations (DOI; Rogers, 2003) is used as a sensitising framework rather than
as a validated stage model. “Concern maturation” is considered a possible interpretation
generated by the Wave 2 profile, not an empirically confirmed temporal process.

Research Questions

RQ1. How did student familiarity, perceived importance, willingness, comfort, and
perceived learning enhancement differ between the 2023 and 2025 samples?

RQ2. Did the association between survey wave and willingness remain after adjust-
ment for programme and year of study?

RQ3. What concerns and desired forms of support were reported in each wave, taking
account of differences in item content and response format?

RQ4. How might the observed patterns be cautiously interpreted through Diffusion of
Innovations theory in a Sino-British transnational STEM context?

Programme- and year-level analyses are treated as exploratory because several sub-
group cells are small and the Wave 2 Year 4 cell contains only two students.

2. Literature Review
2.1. Temporal Evidence on Student AI Adoption

Large-scale studies document rapid growth in awareness and reported use of GenAI
in higher education (Freeman, 2025; Attewell, 2025; Ravšelj et al., 2025), and reviews also
identify methodological fragmentation, particularly a predominance of single-timepoint
surveys (Schei et al., 2024; Albadarin et al., 2024; Abdallah et al., 2025). Emerging temporal
studies address different questions; for instance, Polyportis (2024) followed the same
students and examined behavioural change; Parker et al. (2026) used repeated cross-
sectional samples to describe population-level differences; and Ma et al. (2026) examined
successive cohorts in an introductory programming context. These studies show why
panel and repeated cross-sectional designs should not be treated as interchangeable: panels
estimate within-person trajectories, whereas repeated cross-sections estimate differences
between sampled populations at different historical moments.

The present study extends this temporal literature to an EMI Sino-British STEM
setting. Its originality lies less in the use of DOI or repeated cross-sectional design than in
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the institutional context and in combining directly comparable readiness measures with
clearly bounded, wave-specific profiles of concerns and support preferences.

2.2. Perceived Educational Value and Student Concerns

Research in STEM suggests that AI chatbots may support explanation, feedback,
conceptual clarification, and problem-solving, although effects depend on educational
level, intervention design, discipline, and duration (Deng et al., 2025; Z. Liu et al., 2025;
Heung & Chiu, 2025; El Fathi et al., 2025; Bravo & Cruz-Bohorquez, 2024). The present
study does not measure objective attainment: its enhancement items capture perceived
educational value only, and stability in collaboration or creativity ratings cannot establish
that students’ expectations are objectively calibrated.

Student concerns commonly include reduced human interaction, generic feed-
back, accuracy, dependency, academic integrity, and privacy or governance issues
(Thomson et al., 2024; Farhat, 2025; Park & Ahn, 2024; Ortiz-Bonnin & Blahopoulou, 2025;
Wu & Carroll, 2026). It is plausible that the salience of these concerns changes as the
technological and institutional environment changes. However, such development can
only be tested directly when the same constructs are measured equivalently across time.
The present data therefore support description of each wave’s concern profile, while any
developmental interpretation remains provisional.

2.3. Transnational and English-Medium Context

Students in EMI-TNE programmes work across discipline-specific language, UK-
aligned academic conventions, and a mainland Chinese technology environment; conse-
quently, language and terminology support may be especially relevant. The current study
did not measure English proficiency and has no non-TNE comparison group; it therefore
cannot establish that any language-support pattern is distinctive to TNE, but it can identify
a pattern that warrants targeted comparative research. Related evidence from Chinese
higher education suggests that critical thinking and digital efficacy can shape AI acceptance
and willingness (C. Liu et al., 2025; Wang & Li, 2024), although these mechanisms were not
measured in the present study.

3. Theoretical Framework
Rogers’ (2003) DOI framework describes diffusion through knowledge, persuasion,

decision, implementation, and confirmation, shaped by perceived relative advantage,
compatibility, complexity, trialability, and observability. DOI is useful for organising
questions about how perceptions may differ as a technology becomes more established.
However, the present survey was not designed as a validated operationalisation of Rogers’
stages or attributes; familiarity, willingness, comfort, perceived enhancement, concerns, and
desired features have conceptual relevance to diffusion, but they do not directly measure
knowledge, compatibility, observability, or confirmation.

Accordingly, DOI is used here as an interpretive or sensitising framework. The
repeated cross-sectional design estimates population-level differences between two samples;
it does not show that individual students, a single cohort, or the institution progressed
through specified DOI stages. A panel design would answer a different and complementary
question by examining within-person change.

DOI describes adoption processes, but does not itself predict the content of user
concerns; therefore, the proposition below is our extension of diffusion thinking rather than
a prediction contained in Rogers’ framework. We retain the phrase “concern maturation”
only as a proposition: as familiarity with GenAI increases, concerns may become more
focused on practical consequences such as dependency, accuracy, and integrity. The present
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study cannot test that developmental mechanism because the concern instruments were
not invariant. Evidence consistent with the proposition should therefore be treated as
hypothesis-generating and requires validation using identical instruments, validated scales,
behavioural usage measures, longitudinal panels, and cross-institutional comparison.

4. Methods
4.1. Research Design and Setting

We conducted a two-wave repeated cross-sectional survey at an English-medium Sino-
British joint engineering institution in China: Wave 1 was administered online between
31 March and 10 May 2023, and the SWJTU-Leeds Wave 2 component was administered
between 2 and 28 April 2025. The broader four-institution survey from which it was drawn
was conducted between March and December 2025 (Kajan et al., 2026b); however, only
SWJTU-Leeds Joint School respondents are considered in this two-wave study. Teaching and
assessment at the institution follow UK-aligned standards within a dual-degree framework.

4.2. Participants and Analysis Samples

As part of this revision, the published Wave 2 aggregates were checked against the
recovered Spring-cohort records. Some values reproduce exactly, including perceived im-
portance (259/297), overall learning enhancement (205/297), and the two language-related
item counts. The recovered Spring cohort contained 50 voice-based endorsements (50/297,
16.8%), matching the count presented graphically in the earlier article (Kajan et al., 2025),
but not its narrative percentage. Six published aggregates could not be reproduced from
the recovered records or from the original survey-platform export under the stated top-two
coding rule: the recovered records give 200/297 (67.3%) for familiarity, 231/297 (77.8%) for
willingness, 221/297 (74.4%) for comfort, 142/297 (47.8%) for problem-solving, 106/297
(35.7%) for collaboration, and 103/297 (34.7%) for creativity. For the present analysis, the
recovered Spring 2025 respondent-level records are treated as the authoritative source for
the directly comparable Wave 2 outcomes because they permit respondent-level verification
and reproducible calculation of numerators, denominators, and effect estimates; a prove-
nance audit of the original survey-platform exports could not reconstruct the tabulation
that produced the earlier aggregates. The previously published values (199/297 familiarity,
232/297 willingness, 235/297 comfort, 143/297 problem-solving, 104/297 collaboration,
and 98/297 creativity) are reported only to document the provenance discrepancy. Recalcu-
lation using the recovered records changes several descriptive values and effect estimates
but does not alter the substantive inferential conclusions.

The original Wave 1 respondent-level dataset was recovered. The primary adjusted
analysis was fitted directly at respondent level using all 165 Wave 1 records and 261 Spring
2025 records from the four programmes represented in both waves: Civil Engineering with
Transport (CET), Electronic and Electrical Engineering (EEE), Computer Science (CS), and
Mechanical Engineering (ME). The 36 Wave 2 Materials Science and Engineering records
were excluded because that programme was not represented in Wave 1. No records in the
primary model were missing programme, year-of-study, or willingness data, giving an
analytic sample of N = 426. A robustness re-estimation combined the 165 Wave 1 records
with the archived four-programme subset of 262 records, giving N = 427. That archived
subset includes two later CET respondents and excludes one Spring CS record; its wave
estimate was materially identical to that of the primary model. Table 1 summarises the
participant characteristics of the primary descriptive cohorts, while Table 2 sets out the
derivation, analytical use, and limitations of each analysis sample.
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Table 1. Participant characteristics in the primary descriptive cohorts.

Characteristic Wave 1 (2023), N = 165 Wave 2 (2025), N = 297 Note

Gender Not collected Male 238 (80.1%); Female 59 (19.9%) No between-wave
gender comparison

CET 68 (41.2%) 40 (13.5%) Represented in both waves

EEE 35 (21.2%) 119 (40.1%) Represented in both waves

CS 32 (19.4%) 66 (22.2%) Represented in both waves

ME 30 (18.2%) 36 (12.1%) Represented in both waves

MSE Not present 36 (12.1%) Wave 2 only

Year 1 75 (45.5%) 158 (53.2%)

Year 2 33 (20.0%) 48 (16.2%)

Year 3 38 (23.0%) 89 (30.0%)

Year 4 19 (11.5%) 2 (0.7%) Wave 2 percentage not used
for inference

Note. Wave 2 programme and year counts are tabulated from the recovered Spring respondent-level
records. The published article reported 38 for Civil Engineering with Transport, 65 for Computer
Science, 39 for Mechanical Engineering, 157 for Year 1, and 3 for Year 4; the differences are documented
in Section 4.2. Gender was not recorded in the recovered export, so the published gender distribution
is reproduced and could not be re-verified.

Table 2. Data provenance and uses of each analysis sample.

Dataset Derivation N Use in This Paper Limitation

Wave 1
Original respondent-level

records; complete programme,
year, and willingness data

165
Primary descriptive

comparisons and
respondent-level adjusted model

Invitation denominator
not retained

Recovered Spring
Wave 2

Consenting Spring 2025
responses (completed

2–28 April 2025)
297

Primary Wave 2 source for
programme/year characteristics,
directly comparable outcomes,

concern profiles, desired-support
profiles, and the Spring
four-programme subset

Gender was unavailable in
the recovered export; six

outcome values differ from
the earlier published

tabulation (Section 4.2)

Archived Wave 2
export

296 Spring records carrying
assigned SWJTU-Leeds labels

in the archived
multi-institution export, plus

four later SWJTU-Leeds
respondents collected in

November–December 2025;
one Spring CS record retained

a blank institution field

300 Provenance documentation of
the multi-institution archive

Construction not directly
reproducible from raw

export fields (Section 4.2)

Archived Wave 2
overlap subset

CET, EEE, CS, and ME records
in the archived export;

excludes Wave 2-only MSE
(n = 36) and Environmental

Engineering (n = 2)

262 Robustness re-estimation of the
adjusted model (N = 427)

Includes two later CET
respondents; does not

capture one Spring CS record
with a blank institution field

Primary combined
adjusted model

Wave 1 (165) + Spring
four-programme subset (261) 426 Primary respondent-level

willingness regression

Excludes the Wave 2-only
MSE programme;

archived-subset robustness
re-estimation reported in

Section 5.2
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4.3. Instrument and Between-Wave Comparability

Both waves included core items measuring familiarity, perceived importance, willing-
ness, comfort, and perceived enhancement of overall learning, problem-solving, collabora-
tion, and creativity. Familiarity, willingness, comfort, and the four perceived-enhancement
items used identical five-point response structures. The importance item also used iden-
tical response categories in both waves—Not important, Neutral, Important, and Very
important—and is therefore treated as directly comparable rather than as a harmonised
non-equivalent item. Comparability was verified by inspecting the unique response labels
and full frequency distributions in the original Wave 1 and recovered Wave 2 respondent-
level exports; both files contained exactly these four categories, with no additional category
or retrospective harmonisation (Appendix A.1).

The concern and desired-feature blocks were not equivalent. Wave 1 largely required
a single response from a short menu, with an additional field, whereas Wave 2 allowed
multiple selections from a fixed concern checklist, whose recovered respondent-level export
contains 15 distinct label strings representing 14 conceptual concerns (the over-reliance
wording appears in two variants differing only by a terminal full stop; the two labels
were combined at the respondent level for prevalence reporting) and 14 fixed feature-
response options, comprising 13 substantive requested features and an “I have no specific
preferences” option; an optional “other” text field was also available for each block. In
Wave 1, response options competed with each other, while in Wave 2, several options
could be endorsed; consequently, checklist percentages do not estimate the same response
process and are not used to claim increases, decreases, emergence, replacement, or addition
across waves. Appendix A reproduces the wording and options preserved in the recovered
respondent-level exports. Table 3 summarises the degree of comparability between the
two waves and the interpretations permitted for each survey block.

Table 3. Comparability and permitted interpretation of survey blocks.

Construct Wave 1 Wave 2 Comparability Permitted
Interpretation

Familiarity Five-point Likert Five-point Likert Direct Between-wave
comparison

Willingness Five-point Likert Five-point Likert Direct Between-wave
comparison

Comfort Five-point Likert Five-point Likert Direct Between-wave
comparison

Perceived
enhancement Five-point Likert Five-point Likert Direct

Between-wave
comparison of

perceptions

Importance Identical four-category
ordinal scale

Identical four-category ordinal
scale Direct Between-wave

comparison

Concerns Restricted single choice
+ Other

15 exported select-all label
strings (14 concerns;

over-reliance in two variants) +
optional Other response

Not equivalent Separate
wave-specific profiles

Desired features Restricted single choice
+ Other

14 fixed select-all options:
13 substantive features plus “I
have no specific preferences”;

optional Other response

Not equivalent Separate
wave-specific profiles
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4.4. Data Collection, Ethics, and De-Identification

Participation in both waves was voluntary and unrelated to assessment, and survey
invitations were distributed through course channels. Invitation records were not retained,
so exact response rates cannot be calculated. Self-selection may have favoured students
with greater interest in or experience of AI.

Wave 1 was conducted as a pilot study reviewed under the ethical review processes of
the Faculty of Engineering and Physical Sciences at the University of Leeds (University of
Leeds Code of Research Conduct and Research Ethics; no individual reference issued for
pilot reviews). Wave 2 and the two-wave comparative design as a whole were approved by
the Faculty of Engineering and Physical Sciences Research Ethics Committee, University
of Leeds (Ref. 2714; 8 March 2025). Both waves were conducted in accordance with the
Declaration of Helsinki. Participants in Wave 1 were informed that participation was
voluntary, that they could withdraw and request that their data not be used, and that
responses would be treated as confidential and reported in aggregate. The raw Wave 1
administrative export contained names and email addresses; these identifiers were removed
before the present analysis, and no linkage key was retained. No personally identifying
information was collected in Wave 2 (Kajan et al., 2025).

The present study uses de-identified data and aggregate reporting. The slight compo-
sitional difference between the archived Wave 2 export and the recovered Spring cohort is
reported as a data-governance limitation (Section 7.2).

4.5. Statistical Analysis

Frequencies and Wilson 95% confidence intervals were calculated for proportions. For
the directly comparable items, responses were dichotomised into their upper two categories
to reproduce the planned and previously reported comparison thresholds and to provide
interpretable odds ratios. For willingness, “Somewhat likely” and “Very likely” were coded
as 1, while “Neutral”, “Somewhat unlikely”, and “Very unlikely” were coded as 0. This
dichotomisation reduces information from the original ordinal scales and is acknowledged
as a limitation.

Between-wave differences were evaluated using Pearson chi-square tests and odds
ratios. Benjamini–Hochberg false discovery rate correction was applied separately to (a) the
four familiarity, importance, willingness, and comfort comparisons; (b) the four perceived-
enhancement comparisons; (c) the eight exploratory programme and year comparisons. The
sparse Wave 2 Year 4 result was included in the multiplicity family but was not interpreted.

A respondent-level logistic regression predicted top-two willingness from survey
wave, programme, and year of study. The primary model included all 165 Wave 1 re-
spondents and 261 Spring Wave 2 respondents from CET, EEE, CS, and ME, giving
an analytic sample of N = 426. Wave 2023, EEE, and Year 1 were the reference cate-
gories. Because respondent-level records were available for both waves, the model was
fitted directly to individual observations rather than to grouped frequency counts. A
wave × programme interaction model was fitted as an exploratory analysis of possible
programme-level heterogeneity. Model assessment used the Akaike Information Criterion,
Nagelkerke R2, likelihood-ratio comparison, confidence intervals, and coefficient stability.
An archived-subset model using N = 427 was fitted as a robustness re-estimation. The
Hosmer–Lemeshow test was not retained as the principal model diagnostic because the
categorical predictors produced tied fitted probabilities and its result was sensitive to the
grouping procedure.

The respondent-level logistic regression and verification analyses were conducted
in Python 3.13.5 using NumPy 2.3.5, SciPy 1.17.0, and statsmodels 0.14.6. All item-level
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comparisons and Benjamini–Hochberg corrections for the directly comparable outcomes
were recomputed from the recovered respondent-level records.

5. Results
5.1. Directly Comparable Adoption-Readiness Outcomes (RQ1)

Table 4 presents the between-wave comparisons for familiarity, perceived importance,
willingness, and comfort.

Table 4. Adoption readiness and importance comparison.

Item Wave 1 n/N (%) Wave 2 n/N (%) Difference (pp) OR (95% CI) p; BH q

Familiar/very familiar 62/165 (37.6%) 200/297 (67.3%) +29.8 3.43 (2.30–5.10) p < 0.001; q < 0.001

Important/very important 142/165 (86.1%) 259/297 (87.2%) +1.1 1.10 (0.63–1.93) p = 0.728; q = 0.728

Somewhat/very willing 92/165 (55.8%) 231/297 (77.8%) +22.0 2.78 (1.84–4.19) p < 0.001; q < 0.001

Somewhat/very comfortable 105/165 (63.6%) 221/297 (74.4%) +10.8 1.66 (1.10–2.51) p = 0.015; q = 0.020

Familiarity and willingness were substantially higher, and comfort was moderately
higher, in the 2025 sample, and perceived importance was high and statistically similar in
both samples. Although importance and willingness showed different descriptive patterns,
these results should not be interpreted as confirmation that students or the institution
progressed between specified DOI stages. Table 5 presents the corresponding between-
wave comparisons for perceived learning enhancement.

Table 5. Perceived learning enhancement (top two categories: Very much/Extremely).

Domain Wave 1 n/N (%) Wave 2 n/N (%) Difference (pp) OR (95% CI) p; BH q

Overall learning 76/165 (46.1%) 205/297 (69.0%) +23.0 2.61 (1.76–3.86) p < 0.001; q < 0.001

Problem-solving 63/165 (38.2%) 142/297 (47.8%) +9.6 1.48 (1.01–2.19) p = 0.046; q = 0.092

Collaboration 58/165 (35.2%) 106/297 (35.7%) +0.5 1.02 (0.69–1.52) p = 0.908; q = 0.908

Creativity 61/165 (37.0%) 103/297 (34.7%) −2.3 0.91 (0.61–1.35) p = 0.622; q = 0.830

Perceived overall learning enhancement was higher in Wave 2; the problem-solving
comparison did not remain significant after correction, and collaboration and creativity
ratings were similar across waves, indicating a differentiated pattern of perceived utility
rather than demonstrated educational effects or objectively calibrated expectations.

For transparency, recomputing the same comparisons using the previously published aggre-
gate values leaves every inferential conclusion unchanged after false-discovery-rate correction
(for comfort, OR = 2.17, 95% CI 1.42–3.31, q < 0.001), and the problem-solving difference is non-
significant after correction under either set of counts (published q = 0.078; recovered q = 0.092).
Figure 1 provides a visual summary of the adoption-readiness and perceived-enhancement
comparisons across the two waves, with Wilson 95% confidence intervals.

5.2. Adjusted Association with Willingness (RQ2)

In the primary respondent-level model, using 165 Wave 1 and 261 Spring Wave 2
respondents from the four shared programmes (analytic N = 426), Wave 2 was associ-
ated with higher odds of willingness after adjustment for programme and year of study
(OR = 3.51, 95% CI 2.17–5.69, p < 0.001). The main-effects model had an AIC of 499.92
and a Nagelkerke R2 of 0.122. An exploratory wave × programme model improved AIC
to 497.09, and the likelihood-ratio comparison was significant (χ2(3) = 8.83, p = 0.032),
indicating that the magnitude of the wave association may differ by programme. The
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corresponding programme-specific Wave 2 vs. Wave 1 odds ratios were 1.25, 4.07, 3.74, and
10.33 for CET, EEE, CS, and ME, respectively. These interaction findings are exploratory
because several subgroup cells are small and the associated uncertainty is wide. The model
reduces measured programme and year compositional differences but cannot separate
historical change from unmeasured cohort, institutional, or technological differences. The
model uses the recovered Spring records directly, so its cohort matches the descriptive
N = 297 comparisons.

Figure 1. Adoption-readiness and perceived-enhancement indicators in the two samples. Error bars
show Wilson 95% confidence intervals. The importance item used identical four-category response
scales in both waves.

A robustness re-estimation using the archived-export four-programme subset (N = 427)
produced a materially identical wave estimate (OR = 3.55, 95% CI 2.19–5.73), and a separate
unadjusted sensitivity analysis restricted to EEE, CS, and ME retained a large association
between survey wave and willingness (Wave 1 n = 97; Spring Wave 2 n = 221; OR = 4.71,
95% CI 2.81–7.90). These checks support the stability of the adjusted association but cannot
rule out unmeasured differences between the samples.

5.3. Wave-Specific Concern Profiles (RQ3)

Table 6 presents the two concern blocks separately: Wave 1 percentages are shares of
a single-choice distribution, and Wave 2 percentages are multiple-response endorsement
rates in the recovered Spring cohort (N = 297). They are not estimates of the same response
process and are not compared inferentially.

Table 6. Concern profiles by wave; response formats are not directly comparable.

Wave/Format Concern n/N (%) Interpretive Status

Wave 1: single choice Lack of human interaction 54/165 (32.7%) Restricted menu

Wave 1: single choice Lack of personalised feedback 53/165 (32.1%) Restricted menu

Wave 1: single choice Inability to ask follow-up questions 29/165 (17.6%) Restricted menu

Wave 1: single choice Difficulty understanding responses 16/165 (9.7%) Restricted menu

Wave 1: other text Other free-text concerns (all) 13/165 (7.9%) Completes the
single-choice distribution
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Table 6. Cont.

Wave/Format Concern n/N (%) Interpretive Status

Wave 1: other text
Selected examples within “Other”:

accuracy/error (4);
over-reliance/dependency (1)

Subset of 13/165 Illustrative coding; not
additional responses

Wave 2: select all Incorrect or unclear answers 153/297 (51.5%) Option introduced in Wave
2 checklist

Wave 2: select all Over-reliance/learning dependency 149/297 (50.2%)
Deduplicated across two

exported label variants (see
table note)

Wave 2: select all Lack of human interaction 125/297 (42.1%) Shared theme; different
response process

Wave 2: select all May not understand questions clearly 118/297 (39.7%) Wave 2 option

Wave 2: select all Lack of personalised feedback 96/297 (32.3%) Shared theme; different
response process

Wave 2: select all Academic integrity/plagiarism 89/297 (30.0%) Wave 2 option

Wave 2: select all Unable to ask follow-up questions 76/297 (25.6%) Shared theme; different
response process

Wave 2: select all Struggles with advanced topics 76/297 (25.6%) Wave 2 option

Wave 2: select all Answers lack depth/detail 74/297 (24.9%) Wave 2 option

Wave 2: select all Difficulty understanding responses 53/297 (17.8%) Shared theme; different
response process

Wave 2: select all Reduced motivation/interest 44/297 (14.8%) Wave 2 option

Wave 2: select all Technical/internet problems 36/297 (12.1%) Wave 2 option

Wave 2: select all Translation misunderstanding 35/297 (11.8%) Wave 2 option

Wave 2: select all Language barriers in English 15/297 (5.1%) Wave 2 option

Note. The recovered Wave 2 respondent-level export contained two over-reliance label variants
that differed only by a terminal full stop. In the Spring cohort, 134 respondents selected the variant
with the terminal full stop, 66 selected the variant without it, and 51 selected both. After combining
the variants at the respondent level, the prevalence in the Spring cohort was 149/297 (50.2%). The
undeduplicated total of 200 endorsements counted the 51 overlapping respondents twice.

Six Wave 2 respondents also used the optional “Other” concern field; these heteroge-
neous free-text entries were retained for provenance but were not included in the fixed-
option frequencies.

The earlier article reported over-reliance at 67%, content quality/accuracy at 52%,
and reduced human interaction at 42% (Kajan et al., 2025). After respondent-level dedu-
plication in the Spring cohort, incorrect or unclear answers (153/297; 51.5%) and over-
reliance/learning dependency (149/297; 50.2%) were the two most frequently endorsed
concerns, followed by reduced human interaction (125/297; 42.1%). Table 6 reports these
exact, traceable Spring-cohort counts; the earlier 67% value is cited only to explain the
discrepancy arising from the two exported label variants. The Wave 2 profile shows high
endorsement of practical and epistemic concerns, but does not establish that these concerns
increased after, replaced, or were added to Wave 1 concerns, because the relevant options
were not measured equivalently.

5.4. Wave-Specific Desired-Support Profiles (RQ3)

Table 7 presents the desired-support profiles separately for each wave, reflecting the
different response formats.
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Table 7. Desired-support profiles by wave; response formats are not directly comparable.

Wave/Format Desired Feature or Support n/N (%)

Wave 1: single choice Personalised responses 57/165 (34.5%)

Wave 1: single choice Ability to ask follow-up questions 56/165 (33.9%)

Wave 1: single choice Choose chatbot personality 31/165 (18.8%)

Wave 1: single choice Use for assignments/assessments 20/165 (12.1%)

Wave 1: other text Other free-text feature 1/165 (0.6%)

Wave 2: select all Help with technical words/language 154/297 (51.9%)

Wave 2: select all Ability to ask follow-up questions 145/297 (48.8%)

Wave 2: select all Personalise responses 129/297 (43.4%)

Wave 2: select all Step-by-step problem-solving guides 107/297 (36.0%)

Wave 2: select all Translate/simplify explanations 101/297 (34.0%)

Wave 2: select all Links to extra study resources 97/297 (32.7%)

Wave 2: select all Interactive visuals/animations 80/297 (26.9%)

Wave 2: select all Choose chatbot personality 75/297 (25.3%)

Wave 2: select all Assignment/assessment preparation 70/297 (23.6%)

Wave 2: select all Explain complex English vocabulary 68/297 (22.9%)

Wave 2: select all Chinese–English responses 66/297 (22.2%)

Wave 2: select all Voice-based questions 50/297 (16.8%)

Wave 2: select all Group/team interaction support 49/297 (16.5%)

Wave 2: select all I have no specific preferences 13/297 (4.4%)
Note. Wave 2 counts in this table are calculated from the recovered Spring 2025 cohort (N = 297),
which is the authoritative Wave 2 source for the present paper. Two respondents used the optional
“Other” feature field; both entries were non-substantive or uncodable and were not included in the
fixed-option frequencies.

The published Wave 2 paper described voice-based Q&A narratively at approximately
23% (Kajan et al., 2025). The recovered Spring cohort contained 50 endorsements (50/297,
16.8%), matching the count presented graphically in the earlier article (Kajan et al., 2025),
but not its narrative percentage.For language support, the published N = 297 paper reported
that 52.0% requested language/terminology support, 5.1% selected the English-language-
barrier item, and 11.8% selected translation misunderstanding (Kajan et al., 2025). The
paper also reported a combined item-level language-related figure of 16.8%; because
the question permitted multiple selections, this figure should not be interpreted as the
proportion of unique students selecting at least one of the two items. In the recovered Spring
cohort, 15 students selected the English-language-barrier item, 35 selected translation
misunderstanding, and five selected both; therefore, 45/297 students (15.2%) selected at
least one of the two language-related concerns.

Language/terminology support was selected by 154/297 students (51.9%), producing
descriptive differences of 46.8 percentage points relative to the narrow language-barrier
item and 36.7 percentage points relative to the unique-student broader measure. Using
the rounded figures reported in the published paper gives differences of 46.9 and 35.2 per-
centage points, respectively, although the latter uses its combined item-level figure rather
than a deduplicated prevalence estimate. These contrasts involve different constructs and
should not be interpreted as precise estimates of unmet need. Without English-proficiency
measures or a non-TNE comparison group, the pattern cannot be classified as distinctive
to TNE.

https://doi.org/10.3390/educsci16091358

https://doi.org/10.3390/educsci16091358


Educ. Sci. 2026, 16, 1358 12 of 20

5.5. Exploratory Programme and Year Patterns

Table 8 presents the exploratory willingness comparisons by programme and year of
study within the four-programme respondent-level subset.

Table 8. Exploratory willingness comparisons in the four-programme row-level subset.

Subgroup Wave 1 n/N (%) Wave 2 n/N (%) Difference (pp) OR (95% CI) p; BH q

CET 48/68 (70.6%) 29/40 (72.5%) +1.9 1.10 (0.46–2.62) p = 0.832; q = 0.832

EEE 16/35 (45.7%) 92/119 (77.3%) +31.6 4.05 (1.83–8.93) p < 0.001; q = 0.001

CS 19/32 (59.4%) 55/66 (83.3%) +24.0 3.42 (1.31–8.91) p = 0.010; q = 0.019

ME 9/30 (30.0%) 29/36 (80.6%) +50.6 9.67 (3.10–30.11) p < 0.001; q < 0.001

Year 1 28/75 (37.3%) 104/127 (81.9%) +44.6 7.59 (3.96–14.54) p < 0.001; q < 0.001

Year 2 24/33 (72.7%) 37/43 (86.0%) +13.3 2.31 (0.73–7.33) p = 0.148; q = 0.237

Year 3 28/38 (73.7%) 63/89 (70.8%) −2.9 0.87 (0.37–2.03) p = 0.740; q = 0.832

Year 4 12/19 (63.2%) 1/2; percentage
suppressed Not interpreted Not interpreted p = 0.716; q = 0.832;

not interpreted

Note. The Wave 2 Year 4 group contained only two respondents; therefore, the percentage, odds
ratio, and substantive comparison are not interpreted. The test was retained conservatively within
the defined eight-test multiplicity family.

Programme heterogeneity in willingness was statistically evident in Wave 1 but not
in the Spring Wave 2 four-programme subset (Wave 1: Cramér’s V = 0.31, χ2(3) = 15.73,
p = 0.001; Wave 2: V = 0.09, χ2(3) = 1.96, p = 0.581). Year heterogeneity followed a sim-
ilar descriptive pattern (Wave 1: V = 0.34, χ2(3) = 19.54, p < 0.001; Wave 2: V = 0.16,
χ2(3) = 6.42, p = 0.093). These subgroup analyses are exploratory and do not justify assign-
ing programmes to DOI stages or attributing differences to EMI adjustment, curriculum, or
accumulated experience.

6. Discussion
6.1. Population-Level Differences in Adoption Readiness

The strongest evidence concerns identical measures. The 2025 sample reported higher
familiarity, willingness, comfort, and perceived overall learning enhancement. In the
primary respondent-level adjusted model, the wave association with willingness remained
after adjustment for programme and year. The model reduces measured programme and
year compositional differences, but survey wave still combines historical, cohort, and
institutional differences and changes in the wider technological environment that the
design cannot separate.

One component of that changed environment deserves explicit attention. In Spring
2023, direct access to the ChatGPT service from mainland China was restricted, and users
often relied on indirect access arrangements (Reuters, 2023). ChatGPT is mentioned here
only to describe the platform-access environment; no specific ChatGPT model was used as
a study intervention, and the model versions accessed by respondents were not recorded.
By Spring 2025, domestically developed generative AI systems had become much more
widely available; a subsequent CNNIC report estimated approximately 249 million gen-
erative AI users in China by December 2024, rising to 515 million by June 2025, with
domestically developed models broadly popular among users (Xinhua, 2025). Part of
the between-wave increase in familiarity, willingness, and comfort may therefore reflect
the removal of practical access barriers rather than attitudinal or stage-like progression
in the diffusion-theoretic sense. The design cannot apportion the observed differences
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between access- and perception-driven change, and this qualification applies directly to the
DOI-informed interpretation.

These results are best described as higher population-level adoption readiness in
2025; they do not demonstrate that the same students progressed, that the institution
moved through a DOI stage, or that chatbot use became routine. The surveys did not
measure actual frequency, duration, or purposes of use. This distinction is reinforced by
Polyportis (2024), whose behavioural panel findings show that familiarity and willingness
need not move in parallel with usage.

Perceived overall learning enhancement was higher in the 2025 sample, whereas
collaboration and creativity ratings were broadly similar across samples, suggesting differ-
entiated perceived utility, especially for individual learning support. There is no evidence
that AI improved objective learning outcomes or that students’ expectations were accurate.

6.2. Concern Profiles and the Concern-Maturation Proposition (RQ3–RQ4)

Accuracy, deduplicated over-reliance, and reduced human interaction were the most
frequently endorsed concerns in the Wave 2 checklist; academic integrity was also selected
by 30.0% of respondents. One hypothesis is that the high endorsement of practical and
epistemic concerns in the higher-familiarity 2025 sample reflects greater attention to conse-
quences of AI use. However, substantive historical change and measurement artefact are
empirically inseparable here. Wave 1 required a single choice from a limited menu, Wave 2
permitted several endorsements from a much broader list, and the two leading Wave 2
items were not available as equivalent Wave 1 options.

DOI can support the plausibility of a developmental proposition, but it cannot compen-
sate for absent measurement equivalence. We therefore do not claim that concerns matured,
emerged, increased, replaced earlier concerns, or were additive; “concern maturation”
remains a hypothesis for future studies with invariant instruments and within-person or
repeated population measures.

6.3. Language and Terminology Support in EMI-TNE

In the recovered Spring cohort, 154/297 students (51.9%) requested language/terminology
support, while 15/297 (5.1%) selected English-language barriers and 35/297 (11.8%) selected
translation misunderstanding. After accounting for the five respondents who selected both
concern items, 45/297 students (15.2%) selected at least one language-related concern. This
pattern may be especially relevant in an EMI-TNE setting. However, feature demand and
concern endorsement are distinct constructs, and the absence of English-proficiency measures
and a non-TNE comparison group means that this pattern cannot be treated as distinctive to
TNE; instead, it identifies a priority for comparative research.

6.4. Institutional Implications

The findings suggest priorities for institutional consideration, not interventions
whose effectiveness has been tested. These priorities include explicit verification and
source-checking practices, transparent disclosure of AI use, process-oriented assessment,
guidance on cognitive dependency, and optional language/terminology scaffolds. AI-
literacy and assessment frameworks may help institutions design and evaluate such
approaches (Chiu et al., 2024; Chee et al., 2025; Khlaif et al., 2025; Bearman et al., 2024;
Kofinas et al., 2025). Future evaluations should measure behavioural use, learning out-
comes, integrity, and equity rather than infer effectiveness from perception data.
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7. Conclusions, Limitations, and Future Research
7.1. Conclusions

The 2025 sample reported higher familiarity, willingness, comfort, and perceived
overall learning enhancement regarding GenAI chatbots than the 2023 sample. In the
primary respondent-level adjusted model, wave remained associated with willingness after
accounting for programme and year of study. These results indicate higher population-level
adoption readiness in the 2025 sample but do not demonstrate individual progression,
behavioural normalisation, or causal effects of accumulated experience.

Accuracy, deduplicated over-reliance/learning dependency, and reduced human in-
teraction were prominent in the Wave 2 concern profile, and academic integrity was also
frequently endorsed. Because the concern blocks differed in content and response pro-
cess, the study cannot establish that these concerns increased, matured, supplemented,
or replaced earlier concerns, and concern maturation is retained only as a hypothesis.
Institutional attention to responsible reliance, verification, integrity, assessment processes,
and context-sensitive language support is reasonable, but these approaches require di-
rect evaluation.

7.2. Limitations

i. The repeated cross-sectional design compares different samples and cannot identify
within-person change.

ii. The survey wave combines historical, cohort, institutional, and technological differ-
ences that cannot be disentangled, including changes in the practical accessibility of
generative AI platforms in mainland China between 2023 and 2025.

iii. The surveys measure perceptions and adoption readiness rather than actual usage
frequency, duration, or purposes.

iv. The concern and desired-feature blocks were not equivalent: Wave 1 used a restricted
single-choice format, whereas Wave 2 used broader multiple-response checklists.

v. Top-two dichotomisation reduced the information contained in the original ordinal
responses.

vi. Perceived learning enhancement is not equivalent to objectively demonstrated learn-
ing outcomes.

vii. The study was conducted at one engineering-focused TNE institution, and the Wave 2
cohort was predominantly male.

viii. Programme subgroups were small, confidence intervals were wide, and the Wave 2
Year 4 group contained only two students.

ix. English proficiency was not measured, and no non-TNE comparison group was available.
x. Exact invitation denominators were not retained, creating uncertainty about response

rates and possible self-selection, and self-selection pressures may have differed be-
tween the two waves.

xi. The recovered Spring 2025 respondent-level records were used as the authoritative
Wave 2 source for programme and year characteristics, directly comparable outcomes,
concern profiles, desired-support profiles, and the primary adjusted model. Six out-
come aggregates reported in the earlier Wave 2 article could not be reproduced from
the preserved respondent-level records. Recalculation changed several descriptive
values and effect estimates but did not alter the substantive conclusions. The archived
export differs slightly in composition and was retained only for provenance documen-
tation and a materially identical robustness re-estimation.
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7.3. Future Research

Future studies should use identical or measurement-invariant concern scales across
waves, combine repeated cross-sectional and panel components, record actual usage fre-
quency and purposes, and link perceptions to learning and assessment outcomes. Multi-
institutional studies should compare EMI-TNE, domestic Chinese, and UK contexts while
measuring English proficiency directly. Pre-specified models and fully versioned, repro-
ducible data-cleaning records are also needed to distinguish substantive changes from
analytic artefacts.
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Appendix A. Survey Wording and Response Options
The wording below is reproduced from the labels preserved in the original Wave 1

respondent-level export and the recovered Wave 2 respondent-level export. The original
Wave 1 screen layout was not retained.

Appendix A.1. Core Items

i. How familiar are you with artificial intelligence (AI)? Responses: Not at all familiar;
Not very familiar; Neutral; Familiar; Very familiar.

ii. How important do you think AI will be in the field of science or engineering education
in the next 5–10 years? Responses in both waves: Not important; Neutral; Important;
Very important. Verified frequency distributions in that category order: Wave 1
(N = 165): 2, 21, 58, 84; recovered Wave 2 Spring cohort (N = 297): 3, 35, 102, 157.

iii. How likely would you be to use an AI chatbot to support your learning in a science
or engineering programme? Responses: Very unlikely; Somewhat unlikely; Neutral;
Somewhat likely; Very likely.
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iv. How comfortable would you feel using an AI chatbot in a science or engineering
learning context? Responses: Very uncomfortable; Somewhat uncomfortable; Neutral;
Somewhat comfortable; Very comfortable.

v. How much could an AI chatbot enhance: (a) overall learning, (b) problem-solving
skills, (c) collaboration skills, and (d) creativity in learning? Responses: Not at all;
Slightly; Moderately; Very much; Extremely.

Appendix A.2. Wave 1 Concern and Feature Questions

i. Concern prompt (single choice): select the most important concern about using an AI
chatbot in science or engineering education. Options preserved in the export: lack of
human interaction; lack of personalised feedback; inability to ask follow-up questions;
difficulty understanding chatbot responses; other (free text).

ii. Feature prompt (single choice): select the most desired chatbot feature. Options pre-
served in the export: personalised responses; ability to ask follow-up questions; option
to choose chatbot personality; use for assignments or assessments; other (free text).

Appendix A.3. Wave 2 Concern Checklist

Question: “What concerns do you have about using an AI chatbot to support your
learning? (Choose all that apply.)”

i. I might rely too much on the chatbot and not learn independently.
ii. I might rely too much on the chatbot and not learn independently [second exported

label variant; no terminal full stop].
iii. The chatbot might give incorrect or unclear answers.
iv. The chatbot might not understand my questions clearly.
v. Lack of human interaction.
vi. Lack of personalised feedback.
vii. Concerns about academic integrity or plagiarism issues.
viii. The chatbot may struggle with complicated or advanced topics.
ix. Inability to ask follow-up questions.
x. Chatbot answers might lack depth or detailed explanations.
xi. Difficulty understanding the chatbot’s responses.
xii. Fear of misunderstanding caused by translations.
xiii. It could reduce my motivation or interest in learning.
xiv. Technical issues or internet problems could limit my learning.
xv. Language barriers or difficulties communicating clearly in English.

The recovered Wave 2 respondent-level export contains 15 distinct fixed response-
label strings representing 14 conceptual concerns. The over-reliance wording appears in
two variants that differ only by a terminal full stop; because 51 respondents selected both
variants, they were combined at the respondent level for prevalence reporting (see the note
to Table 6).

Appendix A.4. Wave 2 Desired-Feature Checklist

Question: “What kinds of features or functions would you like to see in an AI chatbot
that helps people learn? (Choose all that apply.)”

i. Help with understanding technical words or language.
ii. Ability to ask follow-up questions.
iii. Option to personalise responses.
iv. Step-by-step problem-solving guides.
v. Ability to translate or simplify explanations into easier language.
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vi. Links to extra study resources.
vii. Option to choose a chatbot personality.
viii. Option to use the chatbot for assignments or assessments.
ix. Interactive visuals like animations or diagrams.
x. Feature to highlight or explain complex English vocabulary.
xi. Ability to ask questions or get responses in Chinese and English.
xii. Ability to answer spoken (voice) questions.
xiii. Opportunities for group or team interaction.
xiv. I have no specific preferences.

An optional “Other” text response was available in the Wave 2 concern and desired-
feature blocks. Six respondents used the concern “Other” field and two used the desired-
feature “Other” field. These entries were not treated as additional fixed response categories.

Appendix B. Adjusted Willingness Models
The original Wave 1 respondent-level file was recovered and used to reconstruct

the complete programme × year × willingness distribution and to re-estimate the ad-
justed models directly at respondent level. Tables A1–A3 report the Wave 1 joint distribu-
tion, main-effects model, and programme-specific wave odds ratios from the exploratory
wave × programme model, respectively.

Table A1. Wave 1 programme × year × willingness cross-tabulation.

Programme Year 1 Year 2 Year 3 Year 4 Total

CET 8/12 (66.7%) 15/22 (68.2%) 22/28 (78.6%) 3/6 (50.0%) 48/68 (70.6%)
EEE 6/19 (31.6%) 3/4 (75.0%) 1/4 (25.0%) 6/8 (75.0%) 16/35 (45.7%)
CS 9/20 (45.0%) 4/5 (80.0%) 3/3 (100.0%) 3/4 (75.0%) 19/32 (59.4%)
ME 5/24 (20.8%) 2/2 (100.0%) 2/3 (66.7%) 0/1 (0.0%) 9/30 (30.0%)

Total 28/75 (37.3%) 24/33 (72.7%) 28/38 (73.7%) 12/19 (63.2%) 92/165 (55.8%)

Note. Each cell reports the number selecting “Somewhat likely” or “Very likely” divided by the total
number in that programme–year cell, followed by the percentage. Responses of “Somewhat likely”
or “Very likely” were coded as 1, while “Neutral”, “Somewhat unlikely”, and “Very unlikely” were
coded as 0 for the binary model. Several cells are very small; this table is provided for analytical
transparency rather than subgroup inference.

Table A2. Respondent-level main-effects logistic regression predicting willingness (N = 426).

Predictor OR 95% CI p

Wave 2025 vs. 2023 3.51 2.17–5.69 <0.001
CET vs. EEE 1.71 0.93–3.13 0.082
CS vs. EEE 1.68 0.91–3.09 0.097
ME vs. EEE 0.90 0.46–1.78 0.766

Year 2 vs. Year 1 2.21 1.11–4.40 0.024
Year 3 vs. Year 1 1.12 0.65–1.92 0.679
Year 4 vs. Year 1 1.51 0.56–4.09 0.416

Note. Reference categories are Wave 2023, EEE, and Year 1. Model fit: AIC = 499.92; Nagelkerke
R2 = 0.122.

Table A3. Exploratory wave × programme model: programme-specific Wave 2025 vs. Wave 2023
odds ratios (analytic N = 426).

Programme Wave OR 95% CI Interpretation

CET 1.25 0.51–3.06 No clear adjusted wave difference
EEE 4.07 1.74–9.49 Higher willingness in Wave 2
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Table A3. Cont.

Programme Wave OR 95% CI Interpretation

CS 3.74 1.40–10.00 Higher willingness in Wave 2

ME 10.33 3.29–32.42 Higher willingness in Wave 2;
substantial uncertainty

Interaction-model fit: AIC = 497.09; Nagelkerke R2 = 0.149; likelihood-ratio χ2(3) = 8.83, p = 0.032.
This model is exploratory and should not be interpreted as a programme-stage classification.

Appendix C. Multiple-Testing Families
Table A4 summarises the three Benjamini–Hochberg correction families and their key

corrected results.

Table A4. Benjamini–Hochberg families and corrected values.

Family Tests Included Key Corrected Result

Readiness/importance Familiarity, importance, willingness, comfort

Familiarity OR = 3.43 and
willingness OR = 2.78, q < 0.001;

comfort OR = 1.66, q = 0.020;
importance OR = 1.10, q = 0.728

Enhancement Overall learning, problem-solving,
collaboration, creativity

Overall learning OR = 2.61, q < 0.001;
problem-solving OR = 1.48, q = 0.092;

collaboration OR = 1.02, q = 0.908;
creativity OR = 0.91, q = 0.830

Exploratory subgroups Four programme and four year comparisons Eight-test family; Year 4 included in
correction but not interpreted

Appendix D. Relationship to Previous Publications
The earlier publications used overlapping 2025 data but addressed distinct research

questions. Neither reported the 2023 baseline or the 2023–2025 temporal comparisons.
Table A5 distinguishes the previously published components from the new contributions
of the present study.

Table A5. Previously published and new contributions.

Component Status Before This Paper Role in This Paper

Published single-site Wave 2 cohort
(N = 297)

Reported item-level descriptive
findings in Kajan et al. (2025)

Historical publication and provenance
comparison; where aggregate values

differ, the recovered Spring
respondent-level records are

authoritative for the present analysis

Broader 2025 multi-institution
dataset (N = 467; Institution 1:

n = 300)

Used in Kajan et al. (2026b) to
examine lecturer-role expectations,

social ambivalence, and
ambivalence literacy

Used only for provenance
documentation and the archived-subset
robustness re-estimation; not used as the
source of the primary checklist profiles

Integration-preference analysis of
the broader 2025 dataset Presented in Kajan et al. (2026a) Distinct research question; not

re-analysed here

Wave 1 baseline (N = 165) Previously unreported New descriptive evidence

Direct 2023–2025 comparisons New
Primary empirical contribution,

calculated using the recovered Spring
respondent-level records
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Table A5. Cont.

Component Status Before This Paper Role in This Paper

Adjusted wave association and
sensitivity analyses New Primary adjusted model with an

archived robustness re-estimation

Concern-maturation proposition New theoretical proposition Explicitly hypothesis-generating, not
established empirically
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