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Abstract

Generative AI has become routine study support in higher education, but students do
not always share a settled view of when AI assistance becomes academic misconduct.
This article examines how undergraduate students interpret academic integrity in relation
to AI and how those judgments are associated with study routines, perceived learning
value, dependence, creativity concerns, and self-reported academic consequences. The
study analyzes survey data from 357 students enrolled in 14 programs at a Colombian
public university. Findings show that AI use was common and was usually perceived as
helpful for understanding academic content, yet students’ ethical judgments remained
divided: a slight majority rejected the idea that AI use in academic tasks is fraud, more
than one-third were undecided, and a smaller group endorsed that view. More frequent
AI use and stronger perceived learning support were associated with more permissive
integrity judgments, whereas perceived creativity reduction was associated with stricter
evaluations. The study contributes the concept of pragmatic ambiguity to explain how
students negotiate AI use between academic usefulness, uncertain institutional boundaries,
and concerns about authorship and intellectual contribution.

Keywords: generative artificial intelligence; academic integrity; higher education; student
perceptions; AI literacy; ethical judgment; academic misconduct; survey research

1. Introduction
Generative artificial intelligence (AI) has moved rapidly from a novel digital resource

to a routine part of university study. Tools such as ChatGPT, Gemini, Copilot, and DeepSeek
are now used for brainstorming, explanation, translation, summarization, coding support,
feedback, and the early organization of written work [1]. This pace of adoption has created a
practical challenge for higher education: students often incorporate new tools into their aca-
demic routines before institutional rules, assessment designs, and classroom expectations
have fully stabilized [2,3].

The central concern is not simply whether students use AI, but how they decide
when AI-supported work remains legitimate academic assistance and when it becomes
misconduct. A student may use AI to clarify a concept, compare possible structures for an
argument, or revise grammar; the same system may also generate complete responses, re-
place disciplinary reasoning, or obscure authorship [4]. Recent scholarship therefore frames
academic integrity in AI-rich environments around disclosure, responsibility, authorship,
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and the degree of cognitive outsourcing rather than around a binary distinction between
use and non-use [5,6].

This issue is also cultural and institutional. Universities regulate conduct through
policies, but students also learn norms through assignment instructions, feedback, peer
practice, disciplinary expectations, and local understandings of originality and effort.
Generative AI has unsettled these norms because the boundary between acceptable support
and unauthorized substitution is not always visible in the final product. As a result, student
judgments may be shaped as much by perceived learning value and classroom signals as
by formal definitions of academic misconduct [7,8].

Although the literature has grown quickly, two gaps remain important. First, much
existing work explains adoption, usefulness, or intention to use AI; comparatively less
attention has been paid to how students morally interpret AI use in academic tasks. Second,
evidence from Latin America and from Colombian public universities remains limited
relative to the volume of research from more heavily studied English-speaking or Global
North systems [9,10]. This matters because public universities in Colombia serve heteroge-
neous student populations and operate within institutional conditions in which academic
support, technological access, disciplinary cultures, and AI policies may not mirror the
assumptions of studies conducted elsewhere.

The present study addresses these gaps using survey data from 357 undergraduate
students enrolled in 14 academic programs at a Colombian public university. This setting of-
fers a useful case for examining student judgment during a period of active norm formation:
students were incorporating AI into everyday academic work during the first academic
term of 2025, while the available survey data do not indicate exposure to a standardized
campus-wide AI disclosure template or assignment-level AI policy. The study, therefore,
examines how students negotiate the meaning of AI use for academic integrity at a moment
when its practical value for learning and its ethical boundaries remain unsettled.

Against this background, the article is guided by two overarching research questions.
First, how frequently do undergraduate students use generative AI in their study practices,
and how do they judge whether AI use in academic tasks constitutes academic fraud?
Second, how are perceived learning support, perceived dependence on AI, perceived
creativity reduction, and study habits associated with students’ ethical judgments and
self-reported academic consequences of AI use?

The article makes three contributions. First, it connects academic integrity judgments
with students’ study routines rather than treating them as isolated opinions. Second, it
develops the concept of pragmatic ambiguity: a condition in which students recognize the
practical value of AI for learning while remaining uncertain about its ethical limits. Third,
it adds evidence from an underrepresented Latin American public-university context to
global discussions about AI literacy, assessment design, and academic integrity in higher
education. Throughout the article, the analyses are interpreted as associations in a cross-
sectional, self-reported survey; no causal claims are made.

2. Generative AI, Academic Integrity, and Study Practices in
Higher Education

This section develops the conceptual framework for the study. It first examines gen-
erative AI as a study resource, then situates current debates within a longer history of
academic integrity and educational technology. Building on this discussion, it explains
why students’ ethical judgments about AI may be better understood through pragmatic
ambiguity than through fixed categories of acceptance or rejection.
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2.1. Generative AI as Learning Support, Writing Assistance, and Possible Outsourcing

Research on generative AI in higher education initially focused on adoption: how often
students use these tools, why they accept them, and for what purposes. Shuhaiber et al. [11]
show, from a student perspective, that ChatGPT is increasingly embedded in higher-
education routines, while Uppal and Hajian [12] connect students’ perceptions of ChatGPT
with academic enhancement, procrastination, and ethical concerns. Across contexts, stu-
dents report using AI to clarify concepts, summarize readings, draft or improve text,
translate content, generate examples, and support programming tasks [13–15]. Reviews
and early empirical studies suggest that these tools have already become part of ordinary
academic practice rather than remaining marginal innovations [2,16,17]. This provides the
basis for the first overarching research question, which examines the prevalence of AI use in
the present sample and how students judge whether such use constitutes academic fraud.

At the same time, AI use is not a single behavior. It is useful to distinguish at least
four forms of engagement. First, AI may function as learning support when students
use it to ask questions, compare explanations, check understanding, or study difficult
material. Second, it may serve as writing assistance when students use it for planning,
revision, grammar, translation, or style. Third, it may become outsourcing when the system
performs the intellectual work that an assignment is intended to assess. Fourth, it may
be judged as academic misconduct when AI use violates task instructions, institutional
rules, or disclosure expectations. These categories often overlap in practice, which helps
explain why students’ ethical judgments may vary across tasks, disciplines, and forms of
institutional guidance [4,5,18].

The global literature reinforces this differentiated view. Large-scale and multicultural
studies show that students and educators often acknowledge AI’s potential for learning
support while also expressing concern about overreliance, authorship, and assessment fair-
ness [19,20]. Kalnin, a et al. [21] similarly show that AI creates both benefits and challenges
in teacher-education contexts, while Tlili et al. [22] describe ChatGPT as an educationally
ambivalent tool that can support learning but also complicate responsibility and trust.

Policy analyses of universities outside Latin America likewise show that institutions
are moving unevenly from prohibition and detection toward more granular expectations
involving disclosure, responsible use, and assessment redesign [23,24]. The Colombian
case examined here is therefore locally grounded but internationally relevant: it speaks to
a broader transition in which AI use is becoming normalized before ethical expectations
have become fully standardized.

2.2. Academic Integrity, Technology, and Pragmatic Ambiguity

Concerns about academic integrity did not begin with generative AI. Earlier waves of
educational technology raised questions about plagiarism, text matching, online assessment,
and the reliability of originality-checking systems. The COVID-19 period intensified these
debates because remote assessment expanded opportunities for unauthorized collaboration,
copying, and unmonitored use of digital tools. Eshet [25] shows that plagiarism and originality-
checking practices changed across the pre-pandemic, pandemic, and post-pandemic periods,
which underscores how integrity concerns are shaped by assessment conditions, detection
infrastructures, and institutional responses. Generative AI extends this history by making
academic assistance more interactive, adaptive, and difficult to classify.

This historical trajectory can be understood as a movement from a detection-centered
integrity culture to an authorship-centered integrity culture. Earlier digital-integrity de-
bates often asked whether student text matched existing sources and whether plagiarism-
detection systems could identify improper borrowing. AI-assisted academic work raises a
different set of questions: who contributed to the reasoning, whether the assistance was
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disclosed, whether the work still represents the student’s own competence, and when
support becomes cognitive outsourcing. Recent work on authentic assessment and institu-
tional AI-policy responses illustrates this shift from text similarity toward transparency,
responsibility, and the protection of meaningful student authorship [18,24].

The concept of pragmatic ambiguity helps explain this transition. In this article,
pragmatic ambiguity refers to a situation in which students make practical use of AI
because it appears educationally valuable, efficient, or accessible, while the normative
status of that use remains unsettled. The ambiguity is pragmatic because students are not
simply uncertain in the abstract; they are making everyday decisions about assignments,
deadlines, study routines, and perceived risks. It is also normative because the legitimacy
of AI use depends on expectations about authorship, disclosure, task purpose, originality,
and acceptable assistance.

Analytically, pragmatic ambiguity is used here as an interpretive construct with
empirical indicators, rather than as a standalone scale. It differs from a simple policy
gap because it focuses not only on the absence or unevenness of formal guidance, but
also on how students assign meaning to AI use while acting under incomplete or task-
specific expectations [23,24]. It also differs from intentional misconduct because it does
not presume deception, concealment, or deliberate rule breaking. Instead, the concept
captures a transitional condition in which students may view AI as useful for learning while
remaining uncertain about when that support weakens authorship, effort, or responsibility.
Farrelly and Baker [4] emphasize that AI-related integrity judgments depend on disclosure,
authorship, task expectations, and the degree of student contribution, which supports the
distinction made here. In the analysis, pragmatic ambiguity is empirically approached
through the associations among AI-use frequency, perceived learning support, perceived
dependence, perceived creativity reduction, study routines, judgments about the fraud
item, and self-reported academic consequences.

This framing sharpens the logic behind the first overarching research question. The
issue is not only whether students use AI, but how they classify that use when asked
whether it constitutes academic fraud. It also informs the second overarching research
question, which examines how perceived learning support, perceived dependence on AI,
perceived creativity reduction, and study habits are associated with ethical judgments
and self-reported academic consequences. The term fraud should therefore be interpreted
carefully. Fraud is a strong and culturally loaded word. Some students may reject that
label even if they still believe that certain uses of AI are unacceptable, especially when the
survey item does not specify the task type, the amount of AI contribution, or whether the
use was disclosed.

Figure 1 summarizes the conceptual logic of the article. The left side of the model
identifies the main conditions examined in the study: AI-use frequency, perceived learning
support, perceived dependence, perceived creativity reduction, and study habits. These fac-
tors are expected to shape students’ interpretation of AI through two connected processes:
pragmatic ambiguity, understood as the coexistence of functional value and unsettled
norms, and the normative interpretation of what counts as acceptable assistance. The right
side of the model represents the two main outcomes of interest: students’ judgment of
whether AI use constitutes academic fraud and their self-reported academic consequences
of AI use. The figure is intended as an organizing framework for expected associations, not
as a causal model.
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Figure 1. AI use, pragmatic ambiguity, and ethical judgment. Note. The model is conceptual and
represents expected associations rather than causal pathways.

2.3. Study Habits, AI Literacy, and Ethical Judgment

A socio-educational account of AI use must consider study habits alongside technology
use. Generative AI becomes part of a broader study ecology that includes time allocation,
note review, help-seeking, supplementary resources, and self-monitoring. Lobos et al. [26]
highlight the importance of self-regulated learning in digitally mediated educational con-
texts, and related research links study routines with engagement, persistence, and academic
adaptation. Students who invest more time in independent work may therefore evaluate
AI differently from students who mainly use it as a shortcut under pressure [27,28].

AI literacy and prompt literacy are also increasingly important. Students need to know
how to formulate requests, evaluate outputs, recognize hallucinations or shallow explana-
tions, and decide when AI-generated suggestions are appropriate for a given task. Prompt
engineering and critical use are now entering discussions of curriculum and classroom
practice [29–31]. At the same time, technical skill does not settle the ethical question. A
student who knows how to prompt effectively may use that skill to deepen learning, accel-
erate routine work, or delegate academic labor. This tension also appears in discussions
of information literacy and educational inquiry in AI-mediated environments [32,33]. It
is therefore central to the second overarching research question, which examines whether
dependence, creativity concerns, and study habits are associated with students’ ethical
judgments and self-reported academic consequences of AI use.

The relationship between creativity and academic integrity is especially relevant. Eshet
and Margaliot [34] suggest that creative thinking may contribute to academic integrity by
supporting students’ capacity to produce original work and regulate academic misconduct.
In AI-mediated environments, perceived creativity reduction may therefore signal more
than dissatisfaction with a tool. It may reflect concern that AI is displacing the student’s own
intellectual contribution. This expectation guides the interpretation of perceived creativity
reduction in the models below.

3. Materials and Methods
This section describes the dataset, survey context, variable coding, and statistical

procedures used in the study. The goal is to make the analysis reproducible and to clarify
the scope of the survey measures used to examine students’ judgments about AI and
academic integrity.
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3.1. Study Context, Dataset, and Survey Procedure

The analysis uses the public dataset reported by Correa [35], which contains survey
responses from 357 undergraduate students at the Manizales campus of a Colombian public
university. The dataset is also connected to a broader line of institutional research on student
trajectories in Colombian public higher education, including a related public-university
dataset on student retention and a study of perceived factors associated with dropout
intention [36,37]. According to the dataset documentation, data were collected during the
first academic term of 2025 using proportional allocation across 14 academic programs.
Within each program, responses were gathered through a quota-based procedure until
the target number for that program was reached. The dataset is cross-sectional and self-
reported, and it is intended for secondary educational research rather than causal inference.

The timing of data collection is especially important for this topic. The first academic
term of 2025 was a period in which generative AI tools, classroom expectations, and
institutional policy responses were still evolving rapidly. The findings should therefore
be read as a time-specific snapshot of student perceptions during an active phase of norm
formation, rather than as a stable estimate of long-term academic-integrity norms.

The institutional setting is important for interpreting the findings. The study took
place in a public university context where students came from several academic programs
and where AI-related expectations were still being interpreted in relation to coursework,
general academic-integrity norms, and everyday study routines. The cleaned analytical
dataset does not record whether each respondent had been exposed to a specific AI policy,
assignment-level disclosure rule, or scenario-based AI-use instruction. For this reason, the
study treats the survey as evidence of students’ perceptions and study practices during
a period of active norm formation rather than as evidence of responses to a standardized
institutional AI policy.

The repository associated with the dataset reports that it includes the original
anonymized Spanish responses, a cleaned English analytical file, a codebook, a bilin-
gual questionnaire, and supporting files for reuse. The present article used the cleaned
English analytical file supplied with the manuscript materials. The response-date field in
that file had identifying timestamp detail removed; therefore, the manuscript reports the
documented collection period rather than individual response dates. Data management
was described as complying with Colombia’s Personal Data Protection Act. No personally
identifying information was analyzed in the present study.

3.2. Variables and Coding

The main integrity outcome was the ordered response to the item represented in
the analytical dataset as AI use in academic tasks is fraud. The response categories were
coded from 1 to 5: strongly disagree, disagree, undecided, agree, and strongly agree.
Higher values therefore indicate stronger agreement with the fraud framing. A second
outcome captured whether students reported having failed or not passed an assessed
activity because of AI use; this variable was coded as binary.

The main explanatory variables were selected to represent students’ AI-use frequency,
perceived educational value, perceived side effects, AI-related skill, study habits, and insti-
tutional context. Ordinal variables were coded in their natural order so that higher values
represented more frequent use, stronger perceived learning support, stronger perceived de-
pendence, stronger perceived creativity reduction, greater prompt-engineering knowledge,
or more intensive study habits. Contextual covariates included program cluster, non-local
student status, and receipt of university support. Program clusters were used because some
individual programs had small cell counts.
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Table 1 summarizes the key survey measures used in the analysis, the operational
wording available in the cleaned English analytical file, and the numerical coding applied
before the descriptive, correlational, and regression analyses. This table is included to
make the measurement decisions transparent, especially because the interpretation of the
findings depends on how broad items such as the fraud question, perceived AI dependence,
and perceived creativity reduction were operationalized.

Table 1. Key survey items and analytical coding used in the revised analysis.

Construct Operational Wording in the English
Analytical File Coding Used in Analysis

AI-use frequency Frequency of AI use for study Never = 1, Rarely = 2, Occasionally = 3, Almost always = 4,
Always = 5

Perceived learning support AI helped understand topics Definitely no = 1, Probably no = 2, Neutral = 3, Probably yes = 4,
Definitely yes = 5

Integrity judgment AI use in academic tasks is fraud Strongly disagree = 1, Disagree = 2, Undecided = 3, Agree = 4,
Strongly agree = 5

Reported academic consequence Failed evaluated activity due to AI No = 0, Yes = 1
Perceived dependence Perceived AI dependence Not at all = 1, Probably not = 2, Not sure = 3, Probably yes = 4,

A lot = 5

Perceived creativity reduction Perceived creativity reduction
from AI Not at all = 1, Probably not = 2, Not sure = 3, Probably yes = 4,

A lot = 5
AI literacy Prompt engineering knowledge Not at all = 1, Probably not = 2, Not sure = 3, Probably yes = 4,

A lot = 5
Independent study Independent study time 0–1 = 1, 1–2 = 2, 2–3 = 3, 3–4 = 4, 4–5 = 5, More than 5 = 6
Study method Study method effectiveness Not effective at all = 1, Slightly effective = 2, Neutral = 3,

Effective = 4, Very effective = 5

As shown in Table 1, the coding was directional: higher values consistently represent
more frequent use, stronger agreement, greater perceived intensity, or more favorable
study-related evaluations. This coding makes the regression results easier to interpret
because positive associations indicate movement toward stricter fraud judgments or higher
reported intensity, whereas negative associations indicate movement toward more permis-
sive judgments or lower reported intensity, depending on the outcome being modeled.

The analytical dataset did not include scenario-based items specifying particular AI
practices, such as grammar checking, idea generation, full-text generation, code generation,
prompt documentation, or disclosure to an instructor. It also did not include a measure
asking whether students had used a formal AI disclosure template. This limitation is
important for interpretation because the fraud item captures a broad perception rather than
a fully contextualized academic-integrity judgment.

3.3. Analytical Strategy

The analysis proceeded in five stages. First, descriptive statistics were used to summa-
rize the sample, AI-use patterns, study habits, and integrity-related perceptions. Second,
cross-tabulations and chi-square tests examined associations between fraud perception
and selected predictors, including AI-use frequency, perceived learning support, perceived
dependence, perceived creativity reduction, and program cluster. Effect sizes were re-
ported using Cramer’s V. Third, Spearman correlations were used for selected ordinal and
continuous variables because several measures were ranked rather than interval-level.

Fourth, an ordered logistic regression model was estimated for the fraud-perception
outcome. Ordered logit was selected because the outcome categories have a meaningful
order and because the analytical interest is whether predictors are associated with more
permissive or stricter integrity judgments. Fifth, a binary logistic regression model was
estimated for reported failure due to AI use. Coefficients were converted to odds ratios to
support interpretation by an interdisciplinary readership.
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All modeled variables were complete in the cleaned analytical dataset, so the 357 cases
were retained in the reported models. Variance inflation factors were used to assess mul-
ticollinearity. The proportional odds assumption for the ordered model was evaluated
using a Brant-style Wald comparison across the estimable cumulative logits. The first three
cumulative splits were stable; the final split was unstable because only 12 students se-
lected strongly agree, producing a sparse top category in the unconstrained diagnostic. The
omnibus diagnostic across the estimable splits did not reject the equal-slopes assumption
(χ2 = 22.33, d f = 24, p = 0.560). This result supports the ordered specification but is
interpreted with caution because of the sparsity of the highest response category.

A robustness model also collapsed the fraud item into agreement versus all other
responses and re-estimated the relationship using binary logit. This binary model was
not treated as a substitute for the parallel-lines diagnostic; instead, it was used to assess
whether the direction and relative importance of the main predictors changed under a
simpler outcome definition. The binary model for reported failure due to AI use was
interpreted cautiously because only 36 students reported that outcome. All statistical
analyses were conducted in R version 4.5.2 [38], using a reproducible analytical script and
the cleaned English analytical file from the public dataset reported by Correa [35].

4. Results
The results are presented in five steps. The section first describes the sample and the

main AI-related variables. It then examines how integrity judgments are distributed across
AI-use patterns, characterizes the undecided group, reports the multivariable models, and
closes with robustness and diagnostic checks.

4.1. Descriptive Results

The sample included undergraduate students from several academic programs and
with varied institutional profiles. Table 2 summarizes the main demographic, institutional,
and program-cluster characteristics of the respondents.

Table 2. Sample characteristics.

Characteristic Category n %

Gender Male 209 58.5
Female 148 41.5

Non-local student Yes 163 45.7
No 194 54.3

Receives university support Yes 94 26.3
No 263 73.7

Program cluster Architecture 39 10.9
Computing and Quantitative 55 15.4
Engineering 195 54.6
Management and Cultural Studies 68 19.0

The descriptive indicators in Table 3 show that AI use was embedded in a broader pat-
tern of active study practices rather than appearing only among academically disengaged
students. The table reports the main AI-use, study-habit, and integrity-related variables
used in the analysis.

Overall, the sample combined extensive exposure to AI with relatively strong study
routines. More than half of the students reported studying independently for more than
five hours per week, 70.3% said they organized notes almost always or always before tests,
and 75.1% reported similarly frequent use of supplementary resources. Participation in
study groups or tutoring was lower but still common. These patterns suggest that AI use
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in this dataset coexisted with sustained study effort rather than replacing conventional
study practices.

Table 3. Descriptive statistics for AI use, study habits, and integrity-related variables.

Indicator n or Mean % Domain

Age, years, mean (SD) 20.82 (2.76) Continuous
GPA, mean (SD) 3.92 (0.33) Continuous
AI use almost always/always 218 61.1 Frequency of use
AI helped understand topics, probably/definitely yes 337 94.4 Perceived usefulness
Disagree/strongly disagree that AI use is fraud 186 52.1 Academic integrity
Undecided about fraud item 135 37.8 Academic integrity
Agree/strongly agree that AI use is fraud 36 10.1 Academic integrity
Reported failure due to AI use 36 10.1 Academic consequence
Perceived AI dependence, probably yes/a lot 133 37.3 Perceived consequence
Perceived creativity reduction, probably yes/a lot 121 33.9 Perceived consequence
Prompt engineering knowledge, probably yes/a lot 139 38.9 AI literacy
Independent study >5 hours/week 183 51.3 Study habit
Organize notes almost always/always 251 70.3 Study habit
Supplementary resources almost always/always 268 75.1 Study habit

AI use was also concentrated around a small number of platforms. ChatGPT was
reported by 95.8% of respondents, Gemini by 65.5%, DeepSeek by 42.9%, and Copilot by
36.4%. Frequency data point in the same direction: 61.1% of students reported using AI
almost always or always for study, and only two respondents reported never using it. The
central empirical question is therefore not whether students use AI, but how they place AI
within their academic routines and ethical judgments.

Responses to the integrity item show a more unsettled picture. A slight majority of
students disagreed or strongly disagreed with the statement that using AI in academic tasks
is fraud, but more than one-third were undecided and only a small minority agreed. To
show how this distribution intersects with frequency of use, Figure 2 presents a heatmap of
AI-use frequency by responses to the fraud item. Each cell reports the number of students
and the percentage of the full sample.
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Figure 2. AI-use frequency and perceptions of academic fraud. Cells show the number of students
and the percentage of the full sample.

Figure 2 suggests that frequent AI use was not accompanied by a simple or uniform
rejection of integrity concerns. Among students who almost always used AI, the largest
cells were disagree and undecided; each represented 60 students, or 16.8% of the full
sample. Among those who always used AI, disagreement also remained more common
than agreement. This pattern is consistent with the idea of pragmatic ambiguity: students
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may normalize AI as a study resource while still negotiating whether, when, and why its
use should be treated as academic misconduct.

4.2. Integrity Perceptions, AI Use, and the Undecided Group

The bivariate association tests provide a more formal view of these patterns. Table 4
summarizes the chi-square tests and Cramer’s V effect sizes for the main relationships
between integrity-related perceptions, AI-use variables, program cluster, and reported
academic consequences.

Table 4. Cross-tabulations and association tests for key integrity-related perceptions.

Outcome Predictor χ2 d f p Cramer’s V

Fraud perception AI-use frequency 78.08 16 <0.001 0.234
Fraud perception AI helped understand topics 57.45 16 <0.001 0.201
Fraud perception Perceived AI dependence 30.48 16 0.016 0.146
Fraud perception Perceived creativity reduction 35.19 16 0.004 0.157
Fraud perception Program cluster 13.34 12 0.345 0.112
Reported failure due to AI Perceived AI dependence 25.44 4 <0.001 0.267
Reported failure due to AI AI-use frequency 2.32 4 0.677 0.081

As shown in Table 4, fraud perception varied strongly by frequency of AI use
(χ2 = 78.08, p < 0.001, Cramer’s V = 0.234). Students who used AI more often were
less likely to classify its use as fraud. A similar pattern appeared for perceived learning
support: the association between the fraud item and the belief that AI helps students
understand academic topics was also strong (χ2 = 57.45, p < 0.001, Cramer’s V = 0.201).
Students who experienced AI as pedagogically useful were more likely to reject a blanket
fraud framing.

Two perceived side effects of AI use were also related to integrity judgments. Fraud
perception was associated with perceived AI dependence (χ2 = 30.48, p = 0.016, Cramer’s
V = 0.146) and perceived creativity reduction (χ2 = 35.19, p = 0.004, Cramer’s V = 0.157).
The creativity pattern is especially important because it suggests that students evaluate AI
not only in relation to formal rules but also in relation to what the tool may be doing to
authorship, originality, and their own intellectual contribution.

The Spearman correlations used as ordinal checks pointed in the same general direc-
tion. Fraud perception was negatively associated with AI-use frequency (ρs = −0.200,
p < 0.001) and perceived learning support (ρs = −0.208, p < 0.001), while it was
positively associated with perceived creativity reduction (ρs = 0.182, p < 0.001). For
the reported-failure outcome, perceived learning support showed a negative association
(ρs = −0.125, p = 0.018), whereas perceived creativity reduction showed a positive asso-
ciation (ρs = 0.140, p = 0.008). These correlations are modest, but they support the same
substantive pattern observed in the cross-tabulations and regression models.

Reported failure due to AI use followed a different pattern. This outcome was not
significantly associated with frequency of AI use (χ2 = 2.32, p = 0.677), which indicates
that frequent users were not automatically the students most likely to report negative aca-
demic consequences. Reported failure was strongly associated with perceived dependence
(χ2 = 25.44, p < 0.001, Cramer’s V = 0.267). This suggests that negative consequences are
associated less with how often students use AI in general than with whether they feel their
use has become difficult to regulate.

The undecided group deserves particular attention because it represents more than one-
third of the sample. Table 5 compares three broad response groups: students who rejected
the fraud framing, students who were undecided, and students who endorsed the fraud
framing. The indicators include AI-use frequency, perceived learning support, perceived
dependence, perceived creativity reduction, independent study time, and reported failure
due to AI use.
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Table 5. Profile of fraud-perception groups. Percentages are within each response group.

Indicator Rejects Fraud Framing
(n = 186)

Undecided
(n = 135)

Endorses Fraud
Framing (n = 36)

AI use, almost always/always 67.7% 55.6% 47.2%
AI helped understand topics, probably/definitely yes 96.2% 95.6% 80.6%
Perceived AI dependence, probably yes/a lot 38.7% 38.5% 25.0%
Perceived creativity reduction, probably yes/a lot 28.5% 37.0% 50.0%
Independent study >5 h/week 51.1% 50.4% 55.6%
Reported failure due to AI use 9.1% 11.1% 11.1%

Table 5 shows that undecided students were not disengaged from AI. A majority
used AI almost always or always for study, and nearly all reported that AI probably
or definitely helped them understand academic topics. At the same time, their level of
perceived creativity reduction was higher than that of students who rejected the fraud
framing but lower than that of students who endorsed it. This intermediate profile supports
the interpretation that indecision reflects ethical uncertainty rather than simple lack of
experience with AI.

Disciplinary differences were visible but not statistically decisive. Fraud perception
did not vary significantly across the four program clusters (χ2 = 13.34, p = 0.345, Cramer’s
V = 0.112). Figure 3 displays the distribution of fraud-perception responses within each
program cluster to show these descriptive differences more clearly.

Architecture

Computing and Quantitative

Engineering

Management and Cultural Studies

0% 25% 50% 75% 100%

Proportion of students

Perception of AI use as fraud

Strongly disagree Disagree Undecided Agree Strongly agree

Figure 3. Fraud-perception profiles across program clusters. The figure shows the proportion of
students in each fraud-perception category within each cluster.

Figure 3 shows some variation in disagreement, agreement, and indecision across
program clusters, but the broader pattern cuts across disciplinary boundaries. Students
from different programs appear to be negotiating the status of AI under conditions of
incomplete normative clarity rather than following a single discipline-specific interpretation
of academic fraud.

4.3. Regression Results

The ordered logistic regression model tested whether AI-use frequency, perceived
learning support, perceived dependence, perceived creativity reduction, prompt-engineering
knowledge, study habits, and contextual covariates were associated with stricter or more
permissive judgments about whether AI use in academic tasks constitutes fraud. Table 6
presents the odds ratios, confidence intervals, and significance levels for this model.
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Table 6. Ordered logit results for the perception that AI use in academic tasks is fraud.

Predictor OR 95% CI p

AI-use frequency 0.669 [0.494, 0.907] 0.010
Perceived learning support from AI 0.581 [0.409, 0.825] 0.002
Perceived AI dependence 0.963 [0.756, 1.227] 0.762
Perceived creativity reduction 1.498 [1.227, 1.829] <0.001
Prompt engineering knowledge 0.910 [0.763, 1.085] 0.295
Independent study time 1.174 [1.013, 1.361] 0.033
Study method effectiveness 0.845 [0.644, 1.109] 0.226
Non-local student 0.898 [0.585, 1.379] 0.624
Receives university support 1.544 [0.942, 2.531] 0.085
Program cluster: Computing and Quantitative 2.124 [0.943, 4.784] 0.069
Program cluster: Engineering 1.671 [0.854, 3.272] 0.134
Program cluster: Management and Cultural Studies 1.594 [0.737, 3.445] 0.236

The ordered logit results show that the strongest predictors of fraud perception were
evaluative rather than merely exposure-based. More frequent AI use was associated
with lower odds of moving toward stricter fraud judgments (OR = 0.669, p = 0.010).
Perceiving AI as helpful for understanding academic topics showed an even stronger
negative association with strict fraud judgments (OR = 0.581, p = 0.002). In other words,
students who experienced AI as educationally useful were less likely to define its use in
academic tasks as fraudulent.

Perceived creativity reduction moved in the opposite direction. Students who believed
AI reduced their creativity had significantly higher odds of endorsing stricter fraud judg-
ments (OR = 1.498, p < 0.001). Independent study time also showed a positive association
with stricter judgments (OR = 1.174, p = 0.033). This result may indicate that students
who invest more time in independent preparation place greater value on process, effort,
and personal accountability. Perceived AI dependence, prompt-engineering knowledge,
non-local status, and study-method effectiveness were not statistically significant once the
other predictors were considered together.

The binary logistic regression model examined whether the same predictors were
associated with self-reported failure or non-passing of an assessed activity because of
AI use. Table 7 reports the odds ratios, confidence intervals, and significance levels for
this model.

Table 7. Binary logistic regression results for reported academic consequences of AI use.

Predictor OR 95% CI p

AI-use frequency 1.488 [0.847, 2.615] 0.167
Perceived learning support from AI 0.396 [0.220, 0.712] 0.002
Perceived AI dependence 1.227 [0.760, 1.981] 0.402
Perceived creativity reduction 1.403 [0.974, 2.021] 0.069
Prompt engineering knowledge 1.132 [0.805, 1.591] 0.477
Independent study time 0.833 [0.643, 1.078] 0.165
Study method effectiveness 1.247 [0.751, 2.070] 0.393
Non-local student 1.047 [0.467, 2.346] 0.912
Receives university support 0.679 [0.260, 1.771] 0.429
Program cluster: Computing and Quantitative 1.025 [0.163, 6.452] 0.979
Program cluster: Engineering 1.205 [0.244, 5.955] 0.819
Program cluster: Management and Cultural Studies 2.535 [0.486, 13.214] 0.269

The binary logistic model produced a more selective pattern. The most consistent
predictor was perceived learning support from AI. Students who believed AI helped them
understand academic topics were less likely to report having failed an assessed activity
because of AI use (OR = 0.396, p = 0.002). This should not be interpreted causally; rather, it
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suggests that students who frame AI as a learning support are less likely to associate it with
negative academic consequences. Perceived creativity reduction was positive and close to
conventional significance (OR = 1.403, p = 0.069), but the evidence is less conclusive.

Predicted probabilities from the ordered model also support the normalization inter-
pretation. Holding other variables at their observed means or reference categories, the
predicted probability of disagreeing that AI use is fraud increased as AI-use frequency
rose, while the predicted probabilities of being undecided or endorsing the fraud fram-
ing decreased. This pattern should be read as an association between regular AI use
and more permissive judgments, not as evidence that AI use causes students to become
more permissive.

4.4. Robustness and Diagnostic Checks

The robustness analysis supports the main interpretation. When the fraud-perception
outcome was collapsed into agreement versus all other responses and re-estimated as
a binary logit, the direction of the key relationships remained unchanged. Perceived
learning support from AI still reduced the odds of classifying AI use as fraud (OR = 0.475,
p = 0.005), whereas perceived creativity reduction increased those odds (OR = 1.917,
p = 0.001). Independent study time also remained positively associated with stricter
judgment (OR = 1.433, p = 0.031).

Diagnostic checks support the stability of the main models while also pointing to
appropriate caution. All variance inflation factors remained below 3.1, indicating low
multicollinearity among the retained predictors. The binary model converged without
evidence of complete separation, and fitted probabilities remained moderate rather than
clustering at boundary values. The proportional-odds diagnostic did not reject the equal-
slopes assumption across the estimable cumulative splits (χ2 = 22.33, d f = 24, p = 0.560),
although the sparse highest category means that this diagnostic should be interpreted as
supportive rather than definitive. These checks reinforce the internal consistency of the
findings while underscoring that the models identify associations, not causal effects.

5. Discussion
This study shows that students do not interpret generative AI through a single, settled

ethical rule. Their judgments are associated with how useful they find AI for learning,
how often they use it, how it fits into their study routines, and whether they believe it
is beginning to displace their own creativity. This pattern is consistent with recent work
showing that generative AI has moved rapidly into everyday academic practice while
still raising unresolved questions about authorship, assessment fairness, and acceptable
assistance [2,16,17]. The findings therefore support the idea of pragmatic ambiguity:
students are making practical use of AI while negotiating ethical boundaries that remain
only partly stabilized.

5.1. Academic Integrity as a Contextual and Negotiated Judgment

The first research question asked how frequently students use generative AI and how
they judge whether AI use in academic tasks constitutes academic fraud. The results show that
AI use was common, but ethical interpretation was not uniform. Students who used AI more
frequently and students who viewed AI as helpful for understanding course content were less
likely to classify AI use as fraud. This does not mean that frequent users disregard academic
integrity. A more plausible interpretation is that many students judge AI in relation to what
the tool does in a particular learning situation. Farrelly and Baker [4] argue that AI-related
integrity debates depend heavily on disclosure, authorship, and task expectations, and the
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present findings point in the same direction: students appear to distinguish between AI as
academic support and AI as a substitute for their own work [5,6].

This interpretation also aligns with international evidence showing that students
and educators often recognize the learning value of AI while remaining concerned about
overreliance and assessment fairness [19,20]. In the present sample, perceived learning
support was associated with more permissive judgments about the fraud item. This
finding is important because it suggests that students may not be rejecting integrity norms;
instead, they may be resisting a blanket label that treats all AI-supported academic work as
equivalent. Kasneci et al. [16] similarly note that generative AI can support explanation,
feedback, and learning processes, but those benefits become ethically complicated when
the boundaries of acceptable use are unclear.

The large undecided group gives this argument additional weight. Undecided stu-
dents were not marginal AI users: most used AI frequently and nearly all reported that AI
helped them understand academic topics. At the same time, their concern about creativity
reduction was higher than among students who rejected the fraud framing and lower than
among students who endorsed it. This intermediate profile suggests that indecision reflects
ethical uncertainty rather than lack of experience. It is consistent with policy research
showing that universities are moving unevenly from broad prohibition and detection to-
ward more nuanced expectations involving disclosure, responsible use, and assessment
redesign [23,24].

The measurement issue is central here. The survey item asks whether AI use in
academic tasks is fraud. That wording captures a consequential moral judgment, but it
does not specify whether AI was used for grammar checking, brainstorming, explanation,
coding, translation, text generation, or completing an assignment. It also does not indicate
whether the use was disclosed or permitted by the instructor. The low level of agreement
with the fraud item may therefore reflect rejection of a broad and culturally loaded label
rather than acceptance of all AI uses. Some students may regard undisclosed outsourcing
as unacceptable while still refusing to call every AI-supported task fraudulent [4,5,18].

A clearer distinction is therefore needed between acceptable AI-supported learning
and misconduct. Farrelly and Baker [4] emphasize that AI-related integrity judgments
depend on disclosure, authorship, task expectations, and the degree of student contribution.
In this article, acceptable AI-supported learning refers to uses that help students understand,
revise, question, translate, or organize their own work while preserving their responsibility
for the intellectual product. Cognitive outsourcing refers to cases in which AI performs the
reasoning, writing, coding, or problem-solving that the assignment is designed to assess,
especially when that use is undisclosed or prohibited. This distinction is important because
the same tool can support learning in one assignment and undermine authorship in another,
depending on the task purpose, disclosure requirements, and instructor expectations [5,18].

5.2. Creativity, Study Effort, and the Meaning of Academic Work

The second research question examined how perceived learning support, perceived
dependence, perceived creativity reduction, and study habits were associated with ethical
judgments and reported academic consequences. Among these factors, perceived creativity
reduction was one of the clearest correlates of stricter fraud judgments. This finding
suggests that students’ ethical concerns are tied not only to rule compliance, but also to
authorship, originality, and intellectual ownership. Eshet and Margaliot [34] show that
creative thinking is connected to academic integrity and may help shape ethical academic
behavior. In the present study, perceived creativity reduction appears to mark the point at
which AI begins to feel less like support and more like substitution.
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Independent study time pointed in a similar direction. Students who devoted more
time to independent study were more likely to endorse stricter fraud judgments. This
should not be read as evidence that students who study longer are morally superior. A
more cautious interpretation is that students who invest more time in preparation may
place greater value on process, effort, and personal accountability. This interpretation
fits with research on self-regulated learning, which emphasizes the role of study routines,
monitoring, and sustained engagement in academic performance [27,28,39].

The finding on reported failure due to AI use should be interpreted carefully. Students
who believed AI helped them understand course content were less likely to report having
failed an assessed activity because of AI use. Because the data are cross-sectional and self-
reported, this does not show that AI improves learning or prevents failure. It suggests only
that students who frame AI as a learning support are less likely to associate it with negative
academic consequences. This cautious reading is important because the binary model
included only 36 positive cases, making the result exploratory rather than definitive [17,20].

The practical significance of these effects lies less in prediction and more in identifying
where educational guidance is most needed. Moorhouse et al. [23] argue that institutional
responses to generative AI should move beyond detection and toward clearer pedagogical
expectations, a point that is consistent with the present findings. The associations suggest
that students’ judgments are shaped by two pedagogically actionable dimensions: whether
AI is experienced as learning support and whether it is perceived to weaken creativity
or personal contribution. These dimensions can guide instructors toward clearer task
instructions, examples of acceptable assistance, and assessment designs that help students
see the difference between support for learning and substitution of learning.

5.3. Institutional and Pedagogical Implications

The findings point to a practical policy problem: general warnings about AI and
integrity are unlikely to be enough when many students already use AI and many remain
uncertain about its ethical status. Moorhouse et al. [23] emphasize that institutional re-
sponses to generative AI need to move beyond detection and toward clearer pedagogical
expectations. The present study supports that view. Universities should translate broad
integrity principles into assignment-level guidance that distinguishes between permitted
uses, permitted uses with disclosure, and prohibited uses that amount to unauthorized
outsourcing of assessed work [5,24]. This institutional challenge is consistent with broader
work showing that generative AI is reshaping not only student practices, but also academic
research, teaching responsibilities, and faculty perceptions of the changing higher-education
landscape [40,41].

A more useful approach would make the learning process visible. Instructors can
provide short disclosure templates asking students whether AI was used, for what purpose,
and at what stage of the task. For some assignments, students can add a reflective note
explaining how AI shaped brainstorming, revision, coding, translation, or feedback. Prompt
documentation may be appropriate when the process is central to the learning outcome, but
it should not become a mechanical requirement for every task. Oral defenses, annotated
drafts, revision histories, process-based assessment, and source-tracing activities can also
help clarify authorship and make students’ own contribution more visible [4,5,23].

AI literacy should, therefore, include ethical judgment as well as technical skill. Stu-
dents need support in evaluating outputs, recognizing hallucinations or shallow explana-
tions, understanding data and citation limitations, and deciding when AI use is aligned
with the purpose of a task. They also need concrete examples of unacceptable outsourcing.
A policy that only tells students to use AI responsibly places too much interpretive burden
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on them. A stronger educational response would teach students how to move from access
to accountable use [29–31].

These implications are especially relevant in public-university settings where students
may use AI to manage academic demands, language barriers, uneven access to support, or
time pressure. AI may reduce some barriers by offering rapid explanations and examples,
but it may also create new risks of dependence, shallow learning, or hidden authorship.
For that reason, institutional responses should avoid treating AI only as a disciplinary
threat. They should combine clear boundaries with pedagogy that strengthens authorship,
creativity, and critical academic practice [19,20].

The Colombian public-university context also matters for interpretation. Compared
with many studies conducted in Global North or highly resourced institutional settings,
this case reflects a public university environment in which students’ AI judgments may
be shaped by heterogeneous academic preparation, uneven access to support, strong
expectations of effort and merit, disciplinary cultures, and evolving local guidance. This
contextual reading is consistent with prior work noting the need for more evidence from
Latin American higher education and less frequently studied institutional settings [9,10]. It
also resonates with related Colombian public-university research on student trajectories
and dropout-related academic conditions [36,37]. The findings should therefore be read as
context-sensitive evidence of how students interpret AI under particular institutional and
cultural conditions, not as a universal model of student ethics.

5.4. Limitations and Future Directions

Several limitations define the scope of the study. The dataset comes from a single
campus and reflects one public-university setting. The measures are self-reported and
may be shaped by memory, self-presentation, and local interpretation. The study is cross-
sectional, so it cannot determine whether AI use changes students’ ethical judgments or
whether students with more permissive judgments are simply more likely to use AI. All
results should therefore be read as associations, not causal effects [25].

The reliance on self-reporting also means that the study captures students’ declared
perceptions and experiences rather than directly observed AI behavior. Social desirability
bias may lead some respondents to underreport practices they consider questionable or to
present their AI use as more responsible than it was in practice. Conversely, some students
may overstate negative experiences if they associate AI with institutional risk or personal
concern. Future research should therefore combine surveys with behavioral, qualitative,
or assignment-level evidence to examine how stated perceptions correspond to actual
AI-use practices.

The integrity measurement is also limited. The study did not employ a widely vali-
dated academic-integrity questionnaire. Instead, it used a small number of direct perception
items, especially the single item asking whether AI use in academic tasks is fraud. That
item is useful because it captures a clear and socially meaningful judgment, but it can-
not represent all dimensions of academic integrity, including authorship, disclosure, task
type, originality, acceptable assistance, collaboration, and assignment-specific rules. The
analytical dataset also did not include scenario-based AI cases or disclosure-practice items.

Future research should examine these issues through mixed-method and longitudinal
designs. Interviews could clarify what students mean when they describe AI as help-
ful, risky, creativity-reducing, or fraudulent. Assignment-level studies could test whether
disclosure templates, oral defenses, process-based assessment, or AI-literacy instruction
reduce ethical uncertainty among undecided students. Comparative research across insti-
tutions and countries would also help determine whether the pattern observed here—high
perceived usefulness, frequent AI use, and unresolved ethical judgment—is specific to
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this Colombian public-university setting or part of a broader transition in higher educa-
tion. Eshet [25] shows that integrity debates are shaped by assessment conditions and
institutional responses, and generative AI makes those conditions even more important for
future research.

6. Conclusions
This study examined how undergraduate students interpret generative AI in academic

work and how those interpretations are associated with study habits, perceived learning
support, perceived side effects, and reported academic consequences. The findings show
that AI had already become part of everyday study practice in the sample, but shared ethical
boundaries remained unsettled. Most respondents did not classify AI use in academic tasks
as fraud, while a substantial group remained undecided. This pattern suggests that the
central issue is not simply whether students use AI, but how they understand the difference
between legitimate assistance and academic misconduct.

The study contributes the concept of pragmatic ambiguity to explain this tension in a
context-sensitive way. Students may value AI because it supports learning and efficiency
while still questioning whether some uses weaken authorship, creativity, effort, or respon-
sibility. This framing cautions against treating AI use as either inherently legitimate or
inherently fraudulent across all tasks and institutional contexts.

For higher education institutions, especially those working in comparable public-
university settings, the practical lesson is to make acceptable assistance visible and teach-
able. Assignment-level expectations, disclosure practices, examples of prohibited outsourc-
ing, and assessments that make students’ own reasoning and process observable can help
reduce ambiguity without treating all AI use as misconduct.
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