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Abstract

Generative artificial intelligence has reshaped writing, learning, and assessment practices
in higher education, posing new challenges for academic integrity. In this context, the
objective of this study was to analyze the psychometric properties of an academic integrity
questionnaire among college students. An instrumental study with a quantitative approach
and cross-sectional design was conducted with a sample of 419 higher education students.
The original instrument included 17 items distributed across three dimensions: ethical
use of Al, awareness of risks of misuse, and support for academic writing. Descriptive
analyses, reliability estimates, exploratory factor analysis, and confirmatory factor analysis
were performed using a robust approach based on DWLS, considering the ordinal nature
of the items. The results supported a refined version of 15 items organized into two
correlated factors: normative integrity in Al use and support for academic writing. The
final model showed adequate fit, high internal consistency, convergent validity, acceptable
but borderline discriminant validity, and preliminary evidence of measurement invariance
across gender, although the latter should be interpreted with caution because the configural
model did not show optimal absolute fit.

Keywords: academic integrity; generative artificial intelligence; higher education; psycho-
metric validation; academic writing

1. Introduction

Generative artificial intelligence (GAI) has substantially transformed teaching, learn-
ing, writing, and assessment practices in higher education. Tools based on large language
models, such as ChatGPT and similar systems, enable the generation of text, the reorganiza-
tion of ideas, the synthesis of information, and the provision of immediate feedback. These
capabilities have been valued for their potential to support learning and expand access
to academic resources; however, they have also heightened concerns about misinforma-
tion, bias, algorithmic opacity, technological dependence, the replacement of intellectual
work, and the undermining of academic integrity (Dwivedi et al., 2023; Lim et al., 2023;
Tlili et al., 2023).
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Consequently, the debate over Al in higher education is no longer limited to its techni-
cal feasibility but has shifted toward its pedagogical, ethical, and institutional implications.
Recent evidence suggests that these systems do not function merely as instrumental tools
but as socio-technical technologies that reshape the relationship between students, faculty,
knowledge, and assessment (Bearman et al., 2023; Bearman & Ajjawi, 2023; Chiu, 2024).
In this context, universities face the challenge of integrating Al in an educational and
regulated manner, avoiding approaches that rely solely on prohibition, surveillance, or
automated detection (Lépez Gémez et al., 2024).

One of the areas where these tensions are most prominent is academic integrity.
Traditionally, this concept has been associated with honesty, responsibility, authorship,
transparency, and the rejection of practices such as plagiarism, collusion, or fraud. How-
ever, GAI challenges the conventional boundaries of these categories by intervening in
different phases of academic work, such as idea generation, planning, writing, revision, and
editing. Consequently, distinguishing between legitimate support and undue substitution
of intellectual effort becomes more complex, especially when students lack clear criteria for
declaring, delimiting, or justifying the use of generative tools (Farrokhnia et al., 2024; Nam
& Bai, 2023; Yusuf et al., 2024).

Recent evidence suggests that academic integrity in Al contexts should not be reduced
to the possibility of “cheating,” but rather understood as a broader issue of academic
responsibility. In higher education, the use of ChatGPT and other generative tools poses
risks that go beyond plagiarism or the unauthorized production of texts, including uncritical
acceptance of automated responses, difficulties in verifying sources, loss of writing agency,
and ambiguity regarding authorship (Essel et al., 2024; Lee et al., 2024; van Niekerk et al.,
2025). At the same time, these technologies can support academic learning and writing
through argumentative organization, linguistic review, and feedback, provided their use is
embedded within clear frameworks of transparency, pedagogical guidance, and process-
centered assessment.

Consequently, assessing academic integrity in contexts mediated by generative Al
requires distinguishing between the educational use of these tools and their use as a sub-
stitute for authorship (Banihashem et al., 2024; Barrett & Pack, 2023). This distinction is
particularly relevant in a context still marked by inconsistent institutional responses: while
some universities have opted for restrictive policies, others have moved toward strategies
of gradual integration through guidelines, resources, and curriculum guidance, though
without a clear consensus on how to fairly regulate their use in higher education, particu-
larly given concerns about privacy, accuracy, equity, intellectual property, assessment, and
academic integrity (Jin et al., 2025; Wang et al., 2024).

From the students’ perspective, the adoption of ChatGPT and similar tools is often
associated with perceived usefulness, accessibility, motivation, and support for learning
(Habibi et al., 2023; Strzelecki, 2024). However, these attitudes are not uniform, as they
vary depending on cultural context, prior experience, and perceived benefits, underscoring
the need for culturally relevant tools to empirically measure practices and attitudes related
to academic integrity in university settings mediated by artificial intelligence (Abdaljaleel
et al., 2024).

However, the growing body of literature on the acceptance, use, and regulation of
academic integrity in higher education has not been matched by an equal volume of psy-
chometric research aimed at assessing academic integrity in these new settings. Much of
the available research has focused on perceptions, attitudes, opportunities, risks, or institu-
tional responses, while the availability of brief, valid, and reliable instruments that allow
for examining how students understand and practice academic integrity when interacting
with generative systems remains limited. This gap is significant because higher education

https://doi.org/10.3390/educscil6071125


https://doi.org/10.3390/educsci16071125

Educ. Sci. 2026, 16, 1125

30f17

institutions require empirical evidence to design policies, educational interventions, and
support strategies that do not rely solely on normative assumptions or faculty perceptions.

Furthermore, measuring academic integrity in contexts mediated by Al requires an
updated conceptualization of the construct. In this context, traditional academic integrity
tools require conceptual and metric adaptations that can capture emerging practices, such as
automated writing assistance, awareness of the risks of misuse, and ethical decision-making
in the face of intelligent systems (Chan, 2025; Torres-Diaz et al., 2025).

In this vein, the present study aimed to analyze the psychometric properties of an
academic integrity questionnaire in contexts mediated by artificial intelligence, as applied
to college students. Specifically, the study examined the instrument’s factor structure, relia-
bility, convergent validity, discriminant validity, and measurement invariance. In doing so,
the study sought to provide a brief, empirically grounded tool, as well as evidence regard-
ing the latent structure of the construct, which can serve as a basis for future comparative
research and interventions aimed at promoting the ethical, critical, and transparent use of
Al in academic life.

2. Materials and Methods
2.1. Study Design

A quantitative, cross-sectional study was conducted to analyze the psychomet-
ric properties of an academic integrity questionnaire in artificial intelligence-mediated
contexts among college students. To this end, the study evaluated the instrument’s
factor structure, internal consistency, convergent validity, discriminant validity, and
measurement invariance.

2.2. Participants

The target population comprised students enrolled in higher education programs.
A non-probabilistic purposive sampling strategy was used because the objective of the
study was to obtain initial psychometric evidence for the questionnaire rather than to
estimate population parameters. The inclusion criteria were that participants be enrolled in
a higher education program, provide informed consent, and complete the questionnaire in
its entirety. Incomplete records or those with inconsistent response patterns were excluded.

The final analytic sample consisted of 419 volunteer students. To contextualize the
educational scope of the validation, the sample was composed of students from public
universities (73.75%) and private universities (26.25%). Most participants were enrolled in
undergraduate programs (81.62%), whereas 18.38% were graduate students. Regarding
mode of study, 85.92% were enrolled in on-campus programs, 10.02% in hybrid programs,
and 4.06% in online programs. By gender, 54.65% identified as female and 45.35% as male.
The predominant age group was 18 to 21 years old (49.40%).

For the factor analyses, the total sample was randomly divided into two independent
subsamples. The first subsample (n = 216; 51.55%) was used for exploratory factor analysis
(EFA), while the second subsample (1 = 203; 48.45%) was used for confirmatory factor
analysis (CFA). This procedure separated the exploratory and confirmatory phases, reduced
the risk of capitalizing on chance, and strengthened the evaluation of the questionnaire’s
internal structure.

2.3. Instrument

An academic integrity scale for Al-mediated contexts, adapted from a previously
validated instrument, was used to assess the ethical use of Al, awareness of the risks
of misuse, and support for academic writing in higher education. The original version
consisted of 17 items distributed across three dimensions: ethical use of Al, awareness of
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the risks of misuse, and support for academic writing. Responses were recorded using
a five-point Likert scale, ranging from 1 = strongly disagree to 5 = strongly agree. The
questionnaire is included in Appendix A. The original instrument reported initial evidence
of reliability and validity in a graduate student population (Maharmah et al., 2025).

2.4. Linguistic and Contextual Adaptation

The instrument underwent a process of linguistic and contextual adaptation to the
Spanish-speaking university setting. First, the translated items were reviewed by two
specialists with experience in academic writing, research methodology, and the educational
use of digital technologies. This review focused on semantic equivalence, conceptual clarity,
and contextual relevance. Subsequently, a pilot test was conducted with 20 students to
evaluate the clarity, comprehensibility, and relevance of the statements. Based on this
process, minor editorial adjustments were made without altering the theoretical content
of the items. A formal back-translation procedure was not conducted because the aim
of the present study was not to establish strict equivalence between parallel language
versions, but rather to validate a culturally and contextually appropriate Spanish version
for university students. This procedure was considered suitable for the present validation
because semantic equivalence was reviewed by specialists, the items were evaluated with
members of the target population, and the final version was subsequently examined
through exploratory and confirmatory psychometric analyses. Nevertheless, future studies
should assess the cross-linguistic equivalence of the instrument through formal translation,
back-translation, and invariance analyses in English-speaking or bilingual samples.

2.5. Data Collection Procedure

Data collection was conducted using an online questionnaire. Before responding,
participants received information about the study’s objectives, the voluntary nature of their
participation, data confidentiality, and the exclusive academic use of the information. In-
formed consent was provided online prior to completing the questionnaire. Only complete
records with valid response patterns were included in the final dataset. The study was
conducted in accordance with the ethical principles applicable to research involving human
subjects. Additionally, the Research Ethics Committee of César Vallejo University issued
Report No. 00156-2025/CEI-PDE, in which it determined that formal ethical review was
waived due to the nature and methodological characteristics of the study.

2.6. Data Analysis

The psychometric analysis was conducted in sequential stages. First, descriptive
statistics were examined for all items, including mean, standard deviation, median, range,
skewness, and kurtosis. Preliminary internal consistency was then estimated using Cron-
bach’s alpha and McDonald’s omega.

The total sample was randomly divided into two independent subsamples. The
first subsample was used for EFA and the second for CFA. In the EFA, the suitability of
the matrix was assessed using the Kaiser-Meyer-Olkin index and Bartlett’s sphericity
test. Given the ordinal nature of the items, factor extraction was conducted using the
minimum residual method with oblique rotation. The number of factors was evaluated
using complementary criteria, including eigenvalues, inspection of the scree plot, parallel
analysis, factor loadings, theoretical interpretability, and empirical definition of the factors.

CFA was subsequently conducted in SEMLjj in jamovi v.2.6.44 using a robust approach
based on DWLS, consistent with the ordinal nature of the items. Alternative models were
compared using x2, CFL, TLI, RMSEA with 95% confidence intervals, and SRMR. Reliability,
convergent validity, discriminant validity, and measurement invariance across gender
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were also examined. Residual covariances were considered only as restricted, theoretically
justified, and partially data-driven model refinements.

3. Results
3.1. Descriptive Analysis of the Items

The 17 items of the academic integrity questionnaire in Al-mediated contexts were
analyzed. No missing data were observed, so the analytical sample consisted of 419 valid
responses. As shown in Table 1, the means ranged from 3.68 to 4.05, while the standard
deviations ranged from 0.94 to 1.11. Furthermore, all items utilized the full response range
of the Likert scale (1-5), and the median was 4 in all cases. The skewness coefficients were
negative for all items, suggesting a tendency toward favorable responses, while the kurtosis
values did not show severe deviations. Taken together, these results indicate an adequate
distribution of responses and sufficient variability for subsequent analyses.

Table 1. Descriptive statistics for the 17 initial items.

Item N Mean SD Median  Minimum Max Skewness  Kurtosis
EUA1 419 4.05 0.98 4.00 1.00 5.00 —-1.17 1.26
EUA2 419 3.83 1.03 4.00 1.00 5.00 —0.88 0.45
EUA3 419 3.87 0.98 4.00 1.00 5.00 —0.81 0.53
EUA4 419 3.99 0.94 4.00 1.00 5.00 —-0.91 0.59
EUA5 419 3.77 1.07 4.00 1.00 5.00 —0.58 —-0.24
EUA6 419 4.00 1.05 4.00 1.00 5.00 —1.12 0.93
ARM1 419 3.97 1.06 4.00 1.00 5.00 —-1.07 0.74
ARM2 419 3.99 0.96 4.00 1.00 5.00 —0.94 0.67
ARM3 419 3.68 1.11 4.00 1.00 5.00 —0.59 —0.44
ARM4 419 3.97 1.03 4.00 1.00 5.00 —0.96 0.45
ARMb5 419 4.02 1.00 4.00 1.00 5.00 —-0.97 0.46
ARMS6 419 3.87 0.96 4.00 1.00 5.00 —-0.71 0.25
SAW1 419 3.87 1.06 4.00 1.00 5.00 —0.81 0.10
SAW2 419 3.93 0.97 4.00 1.00 5.00 —0.82 0.31
SAW3 419 3.89 1.00 4.00 1.00 5.00 —0.82 0.29
SAW4 419 3.85 1.01 4.00 1.00 5.00 —0.86 0.38
SAWS5 419 3.82 1.04 4.00 1.00 5.00 —0.78 0.23

3.2. Preliminary Internal Consistency

The full 17-item scale showed high internal consistency, with a Cronbach’s alpha
of 0.959 and a McDonald’s omega of 0.960. When analyzing the original dimensions
separately, adequate coefficients were also observed: ethical use of Al (x =0.901, w = 0.904),
awareness of risks of misuse (o« = 0.903, w = 0.907), and support for academic writing
(e =0.921, w = 0.922). Taken together, these results demonstrate high internal homogeneity
of the items, although the high coefficients warranted a more detailed examination of the
instrument’s internal structure.

3.3. Exploratory Factor Analysis

Exploratory factor analysis (EFA) was conducted on the first random subsample
(n = 216) to examine the initial latent structure of the questionnaire’s 17 items. Prior to this,
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the suitability of the correlation matrix was assessed. The overall KMO index was excellent
(KMO = 0.954), and Bartlett’s sphericity test was statistically significant, x?(136) = 3020,
p < 0.001, confirming the appropriateness of factor analysis. Factor retention was evaluated
using multiple complementary criteria, including eigenvalues, inspection of the scree plot,
parallel analysis, the magnitude and pattern of factor loadings, theoretical interpretability,
and empirical definition of the factors. The EFA results are presented in Table 2. The
solution showed that items related to ethical Al use and awareness of risks of misuse
tended to cluster mainly in Factor 1, whereas items related to support for academic writing
loaded on Factor 2. Although a third factor emerged, it showed weak empirical definition
and was mainly associated with EUA3 and, to a lesser extent, EUA2. The factor correlation
matrix also indicated a substantial association between the first two factors. Overall, these
findings did not provide robust support for the original three-dimensional structure and
suggested the need to test alternative confirmatory models.

Table 2. Exploratory factor analysis of the initial 17-item version.

Item Factor 1 Factor 2 Factor 3 Uniqueness
EUA1 0.465 — — 0.524
EUA2 0.459 — 0.445 0.375
EUA3 — — 0.619 0.243
EUA4 0.589 — — 0.273
EUA5 0.499 — — 0.567
EUA6 0.802 — — 0.244
ARM1 0.726 — — 0.349
ARM?2 0.79 — — 0.241
ARM3 0.559 — — 0.503
ARM4 0.819 — — 0.335
ARM5 0.892 — — 0.254
ARMS6 0.733 — — 0.343
SAW1 — 0.673 — 0.312
SAW2 — 0.658 — 0.209
SAW3 — 0.767 — 0.258
SAW4 — 0.954 — 0.256
SAW5 — 0.697 — 0.438

Note. Extraction method: minimum residual; rotation method: oblimin. Loadings below 0.30 were suppressed.
Factor 1 mainly grouped items related to ethical Al use and awareness of misuse risks; Factor 2 grouped items
related to support for academic writing; Factor 3 showed weak empirical definition, mainly associated with EUA3
and EUA2.

3.4. Confirmatory Factor Analysis

Confirmatory factor analysis (CFA) was conducted on the second random subsample
(n = 203) to test alternative measurement models and select the solution that best balanced
statistical fit, parsimony, and theoretical interpretability. As shown in Table 3, four models
were compared: a unidimensional model, the original three-factor theoretical model, a
two-factor model without residual covariances, and an adjusted version of the latter with
three theoretically justified residual covariances between items of the same factor. The com-
parison was conducted by considering overall fit, parsimony, conceptual interpretability,
and discriminant validity between factors.
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Table 3. Comparison of confirmatory models for the Academic Integrity Questionnaire.

Model Structure Evaluated Items x2 df  x%df CFI TLI RMSEA SRMR HTMT Decision
Model 1 One-dimensional 17 632 119 5.31 0.990  0.988 0.146 0.077 — Rejected
Model 2 Three original 17 337 116 291  099% 0995 0097  0.056 — Rejected

factors
Model 3 Two factors 15 267 89 3.00 0.996  0.995 0.099 0.052 0.842  Acceptable
Model4 ~_ 1wofactors with 15 161 86 187 0998 0998 0066  0.043 0842  Retained

residual covariances

Note. The three-factor model corresponded to ethical use of Al, awareness of the risks of misuse, and support
for academic writing. The fitted model included the residual covariances EUA2 ~ EUA3, SAW3 ~ SAW4, and
EUA6 ~ ARM1. The HTMT index was reported only in the two-factor models, as its assessment was relevant
for examining the discriminant validity between conceptually similar dimensions. The final model retained was
Model 4, as it presented the best balance between overall fit, parsimony, and theoretical interpretability.

As shown in Table 3, the one-factor model exhibited the poorest fit, primarily due to its
high RMSEA value. The original three-factor model showed improved fit indices; however,
the exploratory results and the conceptual overlap between ethical Al use and awareness
of risks of misuse suggested that these two dimensions were not clearly differentiated in
the present sample. Therefore, a more parsimonious two-factor solution was tested and
compared with the original theoretical model. The two-factor model offered a conceptually
interpretable solution, although its RMSEA remained above the recommended criterion.
Finally, an adjusted two-factor model was estimated with three residual covariances be-
tween item pairs from the same substantive factor. This specification showed the best
balance between overall fit, parsimony, and theoretical interpretability, with CFI = 0.998,
TLI = 0.998, RMSEA = 0.066, and SRMR = 0.043. Therefore, it was retained as the final
model for the questionnaire.

It is important to note that the retained model represents an empirically refined solu-
tion rather than a purely confirmatory replication of the original structure. The inclusion
of residual covariances was treated as a restricted and partially data-driven modeling
decision. These covariances were considered only after comparing competing models,
and only when they involved items within the same factor and reflected clear semantic
proximity. Correlated residuals were preferred over alternative specifications such as
cross-loadings, item reassignment, or additional factors because the associated item pairs
appeared to reflect local wording overlap and conceptual proximity rather than a distinct
latent construct. Thus, the final model should be interpreted as a theoretically plausible
and parsimonious solution for the present sample, while recognizing the need to replicate
its stability in independent samples.

Based on the exploratory and confirmatory results, a two-factor model comprising
15 items was retained. The first factor, normative integrity in the use of Al, included items
related to the ethical use of technology, academic responsibility, and awareness of the risks
of misuse. The second factor, support for academic writing, grouped items referring to
the use of Al as a resource to support the drafting, organization, and improvement of
academic texts.

As shown in Table 4, EUA5 and ARM3 presented comparatively weaker psychometric
performance than most retained items, with moderate factor loadings and relatively high
uniqueness values. Therefore, these items were excluded from the refined version to
improve parsimony and strengthen the interpretability of the final factor solution. The final
model was estimated using a robust approach based on DWLS, consistent with the ordinal
nature of the items, and incorporated three residual covariances between pairs of items
from the same factor (EUA2 ~ EUA3, SAW3 ~ SAW4, and EUA6 ~ ARM1).
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Table 4. Evidence supporting the exclusion of items EUA5 and ARM3.
Item Main EFA  Secondary Uniqueness Item—Other Correlation Decision
Loading Loading 1 in Original Dimension
EUA5 0.499 — 0.567 0.594 Removed
ARM3 0.559 — 0.503 0.627 Removed

Note. EUA5 and ARM3 showed comparatively weaker psychometric contribution than most retained items, as
reflected in their moderate factor loadings and relatively high uniqueness values. Their exclusion contributed to a
more parsimonious 15-item solution while preserving the theoretical coverage of the construct.

The model showed an adequate overall fit: x>(86) = 161, p < 0.001; CFI = 0.998;
TLI = 0.998; SRMR = 0.043; RMSEA = 0.066, 95% CI [0.050, 0.081], p = 0.052. Although the
x? test was significant, the incremental and residual fit indices supported a satisfactory
solution. Table 5 presents the standardized factor loadings for the final model.

Table 5. Standardized factor loadings and confidence intervals for the final model.

Factor Item B 95% ClI for 3

Normative Integrity in Al Use EUA1 0.900 [0.866, 0.933]
EUA2 0.782 [0.732,0.832]

EUA3 0.782 [0.730, 0.833]

EUA4 0.876 [0.842, 0.911]

EUAG6 0.855 [0.813, 0.897]

ARM1 0.868 [0.830, 0.905]

ARM?2 0.847 [0.805, 0.888]

ARM4 0.747 [0.686, 0.808]

ARM5 0.892 [0.857, 0.927]

ARMS6 0.827 [0.781, 0.873]

Support for Academic Writing SAW1 0.861 [0.818, 0.904]
SAW2 0.927 [0.900, 0.954]

SAW3 0.871 [0.830, 0.911]

SAW4 0.867 [0.826, 0.908]

SAW5 0.842 [0.795, 0.889]

As shown in Table 5, all standardized factor loadings were greater than 0.70. The
lowest loading was for ARM4 (3 = 0.747), while the highest was for SAW2 (3 = 0.927). Taken
together, these results support an adequate representation of the items in their respective
latent factors.

3.5. Included Residual Covariances

Table 6 presents the three residual covariances included in the final model, all of
which were statistically significant and conceptually justifiable. EUA2 and EUA3 showed a
standardized residual covariance of 0.479; SAW3 and SAW4, of 0.473; and EUA6 and ARM]1,
of 0.551. Since each pair of items belonged to the same factor and shared content proximity,
these associations were interpreted as local dependencies attributable to semantic similarity,
rather than as evidence of an additional dimension.
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Table 6. Residual covariances included in the final model.
Residual Relationship Estimate SE B 95% CI for 3
EUA2 ~ EUA3 0.186 0.025 0.479 [0.395, 0.564]
SAW3 ~ SAW4 0.116 0.029 0.473 [0.334, 0.611]
EUA6 ~ ARM1 0.142 0.023 0.551 [0.475, 0.628]

These residual covariances were retained because they were theoretically interpretable
and involved item pairs with close semantic overlap within the same latent dimension.
Specifically, EUA2 and EUAS3 both refer to reflective and norm-oriented regulation of Al
use; SAW3 and SAW4 capture closely related forms of Al-assisted writing support during
idea formulation and expression; and EUA6 and ARM1 refer to responsible academic use
of Al through acknowledgement and verification of Al-generated content. The decision
to correlate these residuals was preferred over specifying additional factors or allowing
cross-loadings because the associations appeared to reflect local dependence derived from
item wording and conceptual proximity, rather than evidence of a substantively distinct
dimension. However, given the moderate-to-high magnitude of these residual associations,
future users of the instrument should not assume that these covariances will be universally
stable. If these local dependencies are not replicated in new samples, researchers should
report the fit of the unmodified two-factor model, examine item wording, and consider
whether specific items require refinement or removal before retaining correlated residuals.

3.6. Reliability, Convergent Validity, and Discriminant Validity

Table 7 presents the reliability of the final model was adequate for both fac-
tors. The normative integrity dimension in the use of Al yielded & = 0.949, ordi-
nal o =0.959, and w =0.942, while the academic writing support dimension yielded
o =0.926, ordinal « =0.945, and w = 0.908. Taken together, these coefficients indicate
high internal consistency.

Table 7. Reliability and convergent validity of the final model.

Factor ot o Ordinal w AVE
Normative Integrity in Al Use 0.949 0.959 0.942 0.704
Support for Academic Writing 0.926 0.945 0.908 0.764

Note: Discriminant validity was assessed in the text using the HTMT index between the two factors
(HTMT = 0.842).

Convergent validity was supported by the average variance extracted (AVE) values.
The normative integrity dimension in Al use yielded an AVE of 0.704, and the academic
writing support dimension yielded an AVE of 0.764. In both cases, the values exceeded the
recommended threshold of 0.50, indicating that the items explain a sufficient proportion of
the variance in their respective factors.

Discriminant validity was assessed using the HTMT index. The value observed
between the two factors was 0.842, which was below the strict cutoff of 0.85 and the flexible
criterion of 0.90. However, the latent correlation between the factors was high, r = 0.870, 95%
CI [0.835, 0.904], indicating substantial conceptual overlap. Thus, discriminant validity was
acceptable but close to the strict threshold. These results suggest that the two dimensions
are empirically distinguishable but strongly related. Accordingly, normative integrity in Al
use and support for academic writing should not be interpreted as entirely independent
constructs, but rather as closely connected facets of responsible Al use in academic contexts.
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3.7. Measurement Invariance

To assess the equivalence of the final model across groups, a measurement invariance
analysis was conducted across gender groups. Configural, metric, scalar, and strict models
were estimated sequentially using WLSMYV, taking into account the ordinal nature of
the items.

As shown in Table 8, the configural model exhibited adequate incremental and residual
indices, with CFI = 0.976, TLI = 0.971, and SRMR = 0.041. However, the RMSEA value was
high, RMSEA = 0.114, indicating that the baseline model did not show optimal absolute
fit. Therefore, the invariance results should be interpreted cautiously. The progressive
imposition of restrictions did not result in substantial deterioration in fit. Specifically, metric
invariance yielded ACFI = 0.005, ARMSEA = —0.016, and ASRMR = 0.005; scalar invariance
yielded ACFI = 0.000, ARMSEA = —0.010, and ASRMR = —0.005; and strict invariance
yielded ACFI = 0.001, ARMSEA = —0.004, and ASRMR = 0.006. Taken together, these
results provide preliminary and supportive evidence of measurement invariance across
gender. Nevertheless, because the configural model did not show optimal absolute fit,
these findings should not be interpreted as definitive evidence of full gender comparability.
Further replication in larger, independent, and more balanced samples is recommended.

Table 8. Measurement invariance of the final model by gender.

Model 2 df CFl TLI RMSEA SRMR  ACFI ARMSEA ASRMR Decision
Configural 640.00 172 0976 0971  0.114 0.041 — — — Ai:g:igiieo‘z;th
Metric 55460 185 0981 0979  0.098 0.046 0005  —0016  0.005 Accepted
Scalar 59190 228 0982 0983  0.087 0.041 0000  —0010  —0.005 Accepted
Strict 59420 243 0982 0985  0.083 0.046 0001  —0004  0.006 Accepted

4. Discussion

The objective of the study was to analyze the psychometric properties of an academic
integrity questionnaire in artificial intelligence-mediated contexts among college students.
Overall, the results support a refined 15-item version organized into two correlated factors:
normative integrity in the use of Al and support for academic writing. This solution
showed favorable indicators of fit, internal consistency, and convergent validity, suggesting
that the instrument constitutes a brief and empirically supported alternative for assessing
academic integrity in university settings characterized by the growing use of generative
tools. Nevertheless, the findings should be interpreted with appropriate caution because the
final CFA model included three residual covariances, discriminant validity was acceptable
but close to the strict HIMT threshold, and the evidence of measurement invariance across
gender was preliminary due to the elevated RMSEA of the configural model.

A key initial finding is that the empirical structure did not fully replicate the original
three-dimensional framework. Items related to the ethical use of Al and awareness of the
risks of misuse tended to behave as expressions of a common dimension. This convergence
is theoretically meaningful because, in the context of generative Al, ethical academic
behavior is not limited to compliance with institutional rules. Rather, it also requires
recognizing the risks associated with misuse, anticipating their consequences, verifying
Al-generated content, acknowledging technological assistance, and regulating one’s own
interaction with these systems. From this perspective, ethical use and awareness of misuse
risks may operate as complementary components of a broader normative orientation
toward responsible Al use.
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This interpretation is consistent with recent frameworks for Al literacy, which argue
that ethical engagement with artificial intelligence is closely linked to critical evaluation,
autonomy, and an understanding of the social and educational implications of intelligent
systems (Allen & Kendeou, 2024; Ng et al., 2024; Visedsun et al., 2026). It also aligns
with current debates on academic integrity in the age of generative artificial intelligence,
which emphasize that integrity should not be reduced to the avoidance of plagiarism,
but should be understood as a situated academic practice involving transparency, critical
judgment, responsible decision-making, and the preservation of student authorship (Chan,
2025; Cotton et al., 2024; Huang et al., 2025; Torres-Diaz et al., 2025). Therefore, the merger
of ethical Al use and awareness of misuse risks into a single factor may reflect the way
students cognitively organize these issues in practice: not as separate domains, but as
interdependent aspects of responsible participation in Al-mediated academic work.

The second factor, support for academic writing, remained empirically distinct and
exhibited high factor loadings. This result suggests that students distinguish between the
normative dimension of Al use and its use as a support resource for planning, revising,
organizing, or improving academic texts. This distinction is particularly relevant because
it avoids a reductionist interpretation according to which any use of Al in writing con-
stitutes a threat to academic integrity. Rather, the findings suggest that the use of these
tools can be understood as a legitimate practice when it is oriented toward educational
support rather than the replacement of authorship. This interpretation aligns with recent
reviews on Al-assisted writing, which suggest that generative tools can facilitate revision
processes, discursive organization, and metacognitive reflection when used critically and
with transparency criteria (Arseven & Bal, 2025; Lancaster, 2023). Similarly, studies on
student perceptions show that college students recognize the benefits of generative Al in
supporting learning, writing, and feedback, although they simultaneously express concerns
about accuracy, ethics, privacy, and independent academic development (Chan & Hu,
2023). Consequently, the questionnaire makes it possible to distinguish between regulatory
integrity practices and instrumental uses of Al related to writing—a distinction that is
particularly useful for institutions seeking to regulate these technologies without hindering
their educational potential.

At the same time, the high latent correlation between the two factors suggests that
normative integrity in Al use and support for academic writing should be understood
as closely related facets of a broader construct: responsible Al use in academic contexts.
Students may distinguish between using Al as a writing support tool and using it in
accordance with integrity principles, but these practices are not independent. For instance,
the legitimate use of Al to improve grammar, organize ideas, or revise academic texts still
requires transparency, verification, authorship awareness, and alignment with institutional
expectations. Consequently, the two-factor structure should not be interpreted as evidence
of fully separate constructs, but as a psychometrically useful differentiation within a broader
responsible-use framework.

Compared with previous instrument validation studies, the results obtained show
favorable psychometric indicators. The original scale reported a structure of 17 items
and three dimensions among graduate students (Maharmah et al., 2025). However, in
the university sample analyzed in this study, the three-factor solution was neither the
most parsimonious nor the most stable. This difference may be associated with contextual,
cultural, academic, and sampling variations, as well as with the rapid transformation of
student practices related to generative Al In particular, the predominance of undergraduate
students and on-campus programs may have influenced the way participants interpreted
academic integrity, risk awareness, and Al-assisted writing practices. Therefore, local
validation should not be understood as a mechanical replication of a previous structure,
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but rather as a process of conceptual and metric adjustment that allows examination of
how the construct is organized in specific educational populations.

From a psychometric perspective, the inclusion of three residual covariances in the fi-
nal model should be interpreted with caution. Although these associations improved model
fit and were theoretically justified by the semantic proximity between item pairs, their
moderate-to-high magnitude suggests the presence of local dependence among specific
items. This does not necessarily compromise the two-factor structure, since the covariances
occurred within the same substantive dimension and did not require cross-loadings or
additional factors. However, it does indicate that some items may share residual variance
beyond the variance explained by the latent construct. Therefore, the final model should be
understood as a restricted and partially data-driven refinement rather than as definitive ev-
idence that these residual associations will appear in all populations. Future studies should
test whether these covariances remain stable in independent samples and should examine
whether item wording can be refined to reduce local dependence without weakening the
theoretical coverage of the scale.

An additional finding of the study was the preliminary evidence of measurement
invariance across gender. The configural, metric, scalar, and strict models showed accept-
able incremental and residual fit indices, and the changes in CFI, RMSEA, and SRMR
across nested models did not indicate substantial deterioration in model fit. Nevertheless,
the elevated RMSEA in the configural model indicates that the baseline solution did not
achieve optimal absolute fit. Since configural invariance constitutes the foundation for
subsequent levels of equivalence, the results should be understood as initial support for
gender comparability rather than definitive evidence of full invariance. Consequently, any
practical use of the questionnaire to compare gender groups should be made cautiously
until these findings are replicated in larger, independent, and more balanced samples.

From an applied perspective, the instrument can support diagnostic processes, train-
ing, and institutional decision-making. Universities need brief, psychometrically sound
tools that can help identify how students understand academic integrity in Al-mediated
writing, assessment, and knowledge-production scenarios. Within this framework, the ques-
tionnaire could be used to assess training needs, design interventions on the responsible
use of Al, and monitor changes following digital literacy programs. However, comparisons
across gender or other academic groups should be made cautiously until the invariance ev-
idence is replicated in larger and more balanced samples. The instrument may also inform
curricular development, academic integrity policies, and Al literacy initiatives, particularly
in contexts where institutional responses to generative Al cannot be limited to surveillance
or automated detection, but must incorporate ethical guidelines, authentic assessment,
and transparent policies regarding the permitted use of these tools (Foltynek et al., 2023;
Moorhouse et al., 2023; Perkins, 2026). In this regard, the validated questionnaire can help
assess a complementary dimension of Al literacy in higher education: the responsible,
critical, and transparent integration of generative tools into academic work, a dimension
that is particularly relevant in Latin American contexts where the institutional integration
of Al is progressing unevenly (Acosta-Enriquez et al., 2025; Garro-Aburto et al., 2025).

The findings should be interpreted with certain limitations in mind. First, the study
relied on self-reports, so responses may have been influenced by social desirability, espe-
cially given that academic integrity is a strongly normative construct. Second, the use of
non-probabilistic purposive sampling limits the external validity and generalizability of the
findings. The sample was composed predominantly of undergraduate students enrolled in
on-campus programs; therefore, the results may not fully apply to graduate education, fully
online programs, or more institutionally heterogeneous settings. Third, although the final
model showed favorable indicators, the residual covariances identified in the CFA need to
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be tested in new samples to confirm their stability and to determine whether item wording
should be further refined. Fourth, the two-factor solution may be associated with the
cultural and academic context of the sample; therefore, future research should examine the
15-item, two-factor version in other educational populations, including different academic
levels, institutional types, disciplinary areas, and degrees of exposure to generative AL
Fifth, temporal stability was not assessed, so future studies should estimate test-retest
reliability. Finally, the validity of the questionnaire should be examined in relation to more
objective or behavioral indicators of academic integrity and Al use, such as declared use of
Al citation and acknowledgement practices, task-level Al disclosure data, transparency
statements in assignments, performance on authentic academic writing tasks, and, when
ethically and institutionally available, records of academic misconduct. Given that the
questionnaire was administered and psychometrically validated in Spanish, it will also be
necessary to evaluate the measurement properties and cross-linguistic equivalence of an
English version.

5. Conclusions

The study provided favorable psychometric evidence regarding a refined version of
the academic integrity questionnaire in Al-mediated contexts, as applied to college students.
The results support a two-factor structure of normative integrity in Al use and support for
academic writing, suggesting that academic integrity in generative technology-mediated
scenarios is organized not only around normative compliance but also in relation to the
legitimate use of Al as an academic support resource.

From a methodological perspective, the instrument constitutes a brief and conceptually
interpretable tool for future research on academic integrity, Al literacy, and university
practices mediated by generative technologies. From an applied perspective, it can support
diagnostic processes, training, and institutional decision-making oriented toward the
responsible, critical, and transparent use of Al in higher education.

However, the findings should be interpreted with caution due to the use of self-
reports, the non-probabilistic sampling strategy, the predominance of undergraduate and
on-campus students, the acceptable but borderline evidence of discriminant validity, the
need to verify the stability of residual covariances in new samples, and the possible con-
textual nature of the observed factor solution. Likewise, although the invariance analysis
provided favorable preliminary evidence for gender comparability, the elevated RMSEA
of the configural model indicates that this result should be interpreted cautiously and
replicated before the instrument is used for definitive comparisons between gender groups.
Consequently, future research should examine test-retest reliability, validate the 15-item
two-factor version in more diverse samples, extend the invariance evaluation to other
academic and institutional groups, assess validity in relation to external behavioral indica-
tors of academic integrity and Al use, and explore the cross-linguistic equivalence of the
questionnaire in English-speaking samples.
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Appendix A

The final version of the questionnaire consists of 15 items divided into two dimensions:
“Normative Integrity in Al Use” and “Support for Academic Writing.” Responses are
recorded using a five-point Likert scale: 1 = strongly disagree, 2 = disagree, 3 = neither
agree nor disagree, 4 = agree, and 5 = strongly agree.

Table A1l. Original Spanish version and English translation of the final questionnaire.

Dimensién Codigo Redaccién del ftem oscala de
espuesta
Integridad normativa en el Utilizo herramientas de IA para apoyar mi
EUA1 . 1-5
uso de IA pensamiento y no para reemplazarlo.
Integridad normativa en el Consulto las normas o guias institucionales antes
EUA2 . . e 1-5
uso de IA de usar IA en mis trabajos académicos.
Inteeridad normativa en el Reflexiono regularmente sobre si el uso que hago
& EUA3 de la IA respeta los principios de integridad 1-5
uso de IA bl
académica.
Integridad normativa en el Me aseguro de que la ayuda de la IA no afecte la
EUA4 O, - P 1-5
uso de IA autenticidad de mi estilo o voz académica.
Reconozco explicitamente el uso de herramientas
Integridad normativa en el de IA cuando estas han contribuido de manera
EUA6 PR - . X 1-5
uso de IA significativa a la elaboracién de mis trabajos
académicos.
Inteeridad normativa en el Verifico que el contenido generado por IA
& ARM1 coincida con fuentes académicas confiables antes 1-5
uso de IA . . . .
de incluirlo en mis escritos.
Inteeridad normativa en el Entiendo como el uso inadecuado de la IA puede
& ARM?2 reducir los objetivos de aprendizaje de 1-5
uso de IA .
una asignatura.
Integridad normativa en el Reconozco que presentar un texto generado por
ARM4 . : P 1-5
uso de IA IA como propio constituye una falta académica.
Integridad normativa en el Sé que la IA puede generar informacién
ARM5 . . 1-5
uso de IA convincente pero incorrecta.
Inteeridad normativa en el Soy consciente de que algunas herramientas de
& ARM6 IA pueden eludir los sistemas de deteccion 1-5
uso de IA .
de plagio.
Apoyo a la escritura SAW1 Utilizo la IA para mejorar la gramatica y la 1-5
académica redaccién de mis trabajos.
Apoyo a la escritura SAW?2 Empleo la IA para aclarar conceptos complejos al 1-5

académica

elaborar mis informes o ensayos.
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Table A1. Cont.
Dimensién Cédigo Redaccién del ftem IE scala de
espuesta
Apovo a la escritura Uso herramientas de IA cuando experimento
Poyo 4 SAW3 bloqueo al escribir o necesito inspiraciéon 1-5
académica
para redactar.
Apoyo a la escritura Solicito a la IA alternativas de redaccién para
o SAW4 . . o 1-5
académica expresar mejor mis propias ideas.
Apoyo a la escritura Utilizo la IA para revisar mi trabajo y evitar
. SAW5 o . 1-5
académica plagio involuntario.
Dimension Code Wording of the Item Response
Scale
Normative Integrity in AI Use EUA1 Tuse AI.tools to support my thinking, not to 1-5
replace it.
Normative Integrity in Al Use EUA? I consult %nstltut.lonal policies or guidelines 1-5
before using Al in my academic work.
. . I regularly reflect on whether my use of Al
Normative Integrity in Al Use EUA3 adheres to the principles of academic integrity. =
I make sure that the AI’s assistance does not
Normative Integrity in Al Use EUA4 compromise the authenticity of my academic 1-5
style or voice.
I explicitly acknowledge the use of Al tools when
Normative Integrity in Al Use EUA6 they have made a significant contribution to the 1-5
development of my academic work.
I verify that Al-generated content aligns with
Normative Integrity in AI Use ARM1 reliable academic sources before including it in 1-5
my writing.
I understand how the inappropriate use of Al
Normative Integrity in AI Use ARM2 can undermine the learning objectives of 1-5
a course.
Normative Integrity in Al Use ARMA4 I acknowledge that submitting Al—generated text 1-5
as my own constitutes academic misconduct.
Normative Integrity in Al Use ARMS I knqw t.hat Al can generate information that is 1-5
convincing but incorrect.
Normative Integrity in AI Use ARMS6 L am aware that some Al tools can bypass 1-5
plagiarism detection systems.
Support for Academic Writing SAW1 I use Al to improve the grammar and writing in 1-5
my work.
Support for Academic Writing SAW2 L use Al to explain complex concepts when 1-5
writing my reports or essays.
Support for Academic Writing SAW3 Tuse AI tc?ols.when I am stuck while writing or 1-5
need inspiration to write.
Support for Academic Writing SAWA I ask Al for alterr}atlve phrasings to better 1-5
express my own ideas.
Support for Academic Writing SAW5 Luse Al to review my work and avoid 1-5

unintentional plagiarism.
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