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Large Language Models (LLMs), have become a disruptive force in higher education, assisting students in tasks
such as summarizing content, clarifying concepts, and preparing for exams. Their rapid adoption has generated
both enthusiasm and ethical concern, particularly regarding fairness and responsible use in assessment contexts.
This study examines whether university students’ ethical perceptions regarding the use of LLMs for exam
preparation influence their intention to use them (IU), and whether this intention, in turn, affects their actual use
(USE). Data were collected from 151 undergraduate students enrolled in Spanish universities. Ethical perceptions
were measured using the Multidimensional Ethics Scale (MES), which captures three normative perspectives:
moral equity (ME), consequentialism (CO), and deontology (DE). The first research objective (RO1) was to
determine whether a minimum threshold in each ethical dimension is required for students to form the intention
to use LLMs. The second (RO2) assessed whether higher ethical evaluations lead to greater acceptance and use.
Necessary Condition Analysis revealed that all three ethical dimensions are necessary conditions for IU (ME: d =
0.338; CO: d = 0.274; DE: d = 0.207; all p < 0.001). Partial Least Squares-Structural Equation Modeling showed
that only CO (p = 0.350, p < 0.001) and DE (p = 0.329, p < 0.001) exert statistically significant and sufficient
effects on IU, while ME does not (p = 0.108, p = 0.414). Finally, IU is both a necessary (d = 0.325, p < 0.001) and
sufficient predictor of USE (f = 0.905, p < 0.001). The findings highlight that ethical reasoning is central to the
responsible adoption of LLMs in exam preparation, offering practical guidance for educators and institutions
promoting academic integrity.

1. Introduction identify learning needs, or conduct more accurate assessments [2]. The

are several reports demonstrating that the collaboration between edu-

The impact of artificial intelligence (AI) is especially significant in
the field of education, and particularly in the university [1]. Large
language models (LLMs), such as ChatGPT, have opened up new possi-
bilities in teaching and learning processes [2], enabling everything from
the automation of routine tasks to personalized learning. These tools
offer immediate responses to complex questions, support academic
writing, generate summaries, and even provide specialized virtual
tutoring [3]. This technological revolution is not only redefining the role
of the student as a knowledge recipient but also reshaping the role of
educators, who can now rely on intelligent systems to design materials,
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cators and LLMs, through reciprocal feedback review, substantially
improves both the technical depth and practical relevance of the support
provided to students [4,5].

However, the use of LLMs also raises critical questions, particularly
regarding ethics, equity, and academic integrity [6]. Unsupervised or
improper utilization can yield adverse outcomes, potentially under-
mining the acquisition of essential competencies such as written
communication [7] and impeding the enhancement of advanced
cognitive processes, including critical thinking, logical reasoning, and
creative problem-solving [8].
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The presence of algorithmic biases in LLMs and other Al systems is a
major concern. The outputs generated by these tools may reproduce and
even amplify stereotypes or provide unbalanced information [9].
Furthermore, the inappropriate use of Al tools in academic assessment
contexts—such as automated essay writing or unsupervised exam sol-
ving—raises serious questions about fairness in evaluating student per-
formance [10], which has led many universities to explicitly classify
their use in these contexts as misconduct [11]. Educators now face
growing challenges in distinguishing between original student work and
Al-generated content [3], which necessitates a reevaluation of tradi-
tional assessment methods and a move toward authentic learning ap-
proaches that transcend rote repetition or copying [12]. In addition,
there is a disconnect between political regulation and practical imple-
mentation, as the responsible integration of AI in higher education
currently lacks a clear national strategy and relies heavily on individual
instructor’s initiatives [13].

These considerations provide the motivation for the present
research, which focuses on how university students’ ethical judgments
influence their effective use of LLMs as a resource for preparing for su-
pervised exams. These exams constitute the main form of assessment in
Spanish higher education [14]. In that study, based on the analysis of
>1000 course syllabi, it was observed that nearly 70 % of subjects
include a final written exam, which accounts for approximately 60 % of
the total grade. The most common formats are multiple-choice and
short-answer questions, while problem-solving and essay-based assess-
ments are less frequent. Although some courses incorporate midterm
exams (38.8 %) or complementary practical activities, the final exam
still reflects a predominantly summative and traditional approach,
focusing more on measuring outcomes than on learning processes. In
this regard, San Martin et al. [15] noted that social science programs
tend to rely more heavily on final exams (around 90 % of the syllabi
reviewed), whereas technical degrees more often include partial exam-
inations throughout the semester.

This study does not debate whether the use of LLMs to prepare exams
violates academic norms. From a formalist perspective, their use is le-
gally permitted in many academic activities, such as independent study.
In fact, it may often be desirable, as students who employ self-regulated
learning strategies tend to perform better academically [16], and LLMs
can serve as excellent tools for individualized instruction [2]. In the
Spanish context, although academic programs prescribe certain official
materials for course follow-up, and instructors may recommend com-
plementary resources [17], students retain the freedom to use the re-
sources they deem most appropriate. These may include traditional
tutoring [18] as well as online resources such as video tutorials, e-books,
or webinars [19].

This study approaches the suitability of LLMs from an interpretive
perspective, as students often construct their own understanding of what
constitutes acceptable behavior, based on observational learning and
social cues from instructors [20]. Interpretive rules are shaped within
the informal dynamics of the classroom, influenced by social norms,
values, and interactions that—although not always explicit-
—significantly affect student conduct and learning [21].

The approach used in this study is based on an adaptation of the
Multidimensional Ethics Scale (MES) [22]. This scale has proven to be a
particularly effective instrument for explaining decision-making with
from an ethical perspective a wide range of domains [23] including
educational contexts [24-29].

Fig. 1 depicts the theoretical framework of the study, which in-
tegrates the three ethical dimensions of MES—moral equity (ME), con-
sequentialism (CO), and deontology (DE)—as antecedents of intention
to use (IU) LLMs. In this context, IU is understood as the predisposition
to use the technology under study [30]. In line with established tech-
nology acceptance models such as the Technology Acceptance Model
(TAM) [30] and the Unified Theory of Acceptance and Use of Technol-
ogy (UTAUT) [31], IU is posited as the direct antecedent of actual use
(USE).
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Fig. 1. Theoretical groundwork used in this paper. Source: Authors’ own work
by using Shawver and Sennetti [32].

Deontology (D)

Based on this framework, two research objectives (RO) are proposed,
aimed at understanding how these ethical perceptions influence stu-
dents’ decisions to use LLMs as a study resource for preparing for su-
pervised exams:

RO1: To determine whether the ethical dimensions included in the
MES constitute necessary conditions for a student to develop an inten-
tion to use LLMs as an academic preparation tool—and, subsequently,
whether such intention is necessary for actual use. Logically, this entails
the following questions: Is a minimum level of a particular ethical
perception (e.g., moral equity) required to reach a certain level of
intention to use? Is a minimum level of intention required for actual use
to occur?

RO2: To examine the extent to which these ethical dimensions act as
sufficient conditions to explain LLM adoption in exam preparation. From
a causal logic standpoint, this involves asking whether “a more positive
ethical perception of dimension X leads to a higher level of acceptance”
[33].

Although these two objectives require distinct analytical approaches
[34], they are conceptually complementary [35]. The first is addressed
through Necessary Condition Analysis (NCA), based on the methodo-
logical foundations developed by Dul [34] and Dul et al. [36], while the
second is examined using a Partial Least Squares Structural Equation
Modeling (PLS-SEM) approach, which is appropriate for this second
research objective [35].

The operationalization of the significance testing of relationships
between variables is relatively similar in both approaches. In PLS-SEM,
as in any other regression-based method, the direction and strength of
the relationships are represented by a coefficient, and their statistical
significance is assessed through a p-value. In NCA, by contrast, the de-
gree to which a variable is necessary is quantified through the necessity
effect size (d), to which a p-value is assigned by means of a permutation
test [36]. Within the NCA framework, an effect size of d > 0.1 is typically
considered relevant, and—as in conventional statistical testing—a
p-value below the 5 % significance level is required to support the hy-
pothesis under examination.

2. Theoretical groundwork
2.1. Evaluation of acceptance and use

Following classical technology acceptance models such as TAM and
UTAUT, intention to use (IU) is employed as a latent variable to measure
the acceptance of LLMs. IU is defined as an individual’s predisposition to
perform a specific behavior [37], and in this study, it refers to university
students’ willingness to use LLMs as a tool for exam preparation—one of
the most common uses reported by students in both qualitative [38,39]
and quantitative studies [1], as well as in systematic reviews [40].

A straightforward use of LLMs is as a personal tutor, helping students
to understand new concepts. As illustrated in the qualitative study by
Leite [39], one participant stated, “AI helped me to have a better under-
standing of theoretical concepts and to progress quickly in areas that were
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difficult for me.” However, the use of LLMs extends beyond tutoring: they
can summarize and outline documents and even translate them when
these are not in the student’s native language [41] and logi-
cal-mathematical reasoning, such as writing code or solving mathe-
matical problems [42]. This helps explain why previous studies have
reported that students’ primary use of LLMs is as an assistant for exam
preparation [1].

To explain IU, a modified version of the MES developed by Shawver
and Sennetti [32] was used. Modeling decision-making from an ethical
standpoint requires acknowledging that distinguishing between ethical
and unethical behavior in a unidimensional manner is overly simplistic,
as moral philosophy offers multiple normative theories concerning the
morality of actions [43].

As Fig. 1 shows, the MES incorporates latent variables derived from
different normative theories, allowing for the coexistence of multiple
ethical perspectives in the decision-making process, with the relevance
of each depending on the specific context [22]. These perspectives range
from those aligned with virtue ethics, which emphasize moral qualities
such as goodness and justice—captured by the notion of moral equi-
ty—to those focused on the outcomes of actions, as in consequentialism,
and on the moral duties that guide behavior, as in deontology. The MES
model used in this study groups these ethical constructs into the three
factors of moral equity, consequentialism, and deontology [32]. This
theoretical pluralism justifies the application of the MES for analyzing
ethical decision-making in academic and educational contexts (see, e.g.,
[26,281).

Although IU is a strong predictor of actual use (USE), they are not
equivalent. Various contextual factors may lead to discrepancies be-
tween intention and behavior [44]. In TAM, TAM2, and UTAUT models
[30,31,45], it is assumed that the effective use of a technology is
mediated by the perception of its advantages over existing alternatives.

The use of an LLM as a study tool competes with various alternatives,
both technology-based [19] and traditional (e.g., textbooks, hand-
written notes). Therefore, for effective use to occur, students must first
evaluate the advantages of the new technology compared to existing
ones [44], leading to a judgment of its acceptability. If this level of
acceptance does not exceed a certain threshold, students are likely to opt
for conventional methods they used prior to the emergence of LLMs.
Conversely, once this threshold is surpassed, greater intention to use
should translate into more frequent or intensive use. Accordingly, we
propose:

Hypothesis 1a. (H1la): Intention to use LLMs for exam preparation is a
necessary condition for actual use.

Hypothesis 1b. (H1b): Intention to use LLMs for exam preparation is
positively related to actual use.

2.2. Moral equity

Moral equity (ME) refers to judgments about fairness, justice, and
fundamental ethical principles such as equality and individual rights
[26,46]. From the capabilities approach, justice is assessed not only in
terms of resources or formal freedoms but also in terms of individuals’
real opportunities to flourish [47]. ME, which reflects perceptions of
fairness, honesty, and justice, is conceptually aligned with virtue ethics.
From a virtue ethics perspective, moral action arises from the character
of the individual and the pursuit of moral excellence [48]. Thus, ME can
be viewed as an applied manifestation of virtue ethics in educational
decision-making, where students evaluate the fairness and integrity of
using LLMs as part of their learning process [22].

Within this framework, LLMs may enhance educational equity by
serving as compensatory tools that help mitigate structural disadvan-
tages. Their accessibility enables them to function as personal tutors for
students who lack access to private lessons or specialized resources [49],
allowing for personalized learning [12] tailored to diverse
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contexts—thus aligning with the capabilities perspective. Moreover, free
or low-cost options such as ChatGPT 3.5 or DeepSeek promote adoption
and help reduce economic barriers, supporting distributive justice [50].

LLMs also pose potential challenges from the perspective of ME,
particularly within educational contexts. First, unequal access to tech-
nology can deepen the digital divide. Not all students have reliable
internet connections and/or adequate devices and hardware [51], nor
the digital literacy required to use these tools effectively [52]. Rather
than reducing inequalities, the wuse of LLMs may exacerbate
them—especially if access to more advanced models is limited. For
instance, while ChatGPT 3.5 is free, more sophisticated versions are
subscription-based [53]. Allowing the use of LLMs for study purposes
without ensuring equitable access introduces unfair advantages in
assessment contexts [12].

The use of these technologies may also undermine the value of
meaningful effort [4]. From perspectives related to ME theory—partic-
ularly virtue ethics—right behavior is not only about fair outcomes but
also about the moral value of effort and the pursuit of excellence. Moral
behavior involves not choosing the easiest path, but the one that fosters
personal growth and intellectual integrity, which is often not the most
convenient or effortless route [48]. Individual engagement in the
learning process and commitment to personal development are integral
to ethical learning [54]. For example, summarizing a text to study it for
an exam after a careful and reflective reading can be considered more
virtuous, and educationally enriching, than relying on an
LLM-generated summary that reduces engagement with the original
material.

When a student uses an LLM as a substitute for original thinking, it
weakens fundamental ethical principles such as authentic personal
growth and the cultivation of critical reasoning—principles that uni-
versities are expected to nurture [55]. This reduced engagement also
raises concerns among both educators and students—future pro-
fessionals—about potential job displacement caused by excessive reli-
ance on LLMs [56].

From this perspective, the following hypotheses are proposed:

Hypothesis 2a (H2a): A positive perception of the use of LLMs for
exam preparation from the standpoint of moral equity is a necessary
condition for the intention to use.

Hypothesis 2b (H2b): A positive perception of the use of LLMs for
exam preparation from the standpoint of moral equity is positively
associated with the intention to use.

2.3. Consequentialism

Consequentialism (CO) holds that an action is morally valid if it
produces a net balance of positive outcomes [57], whether from a selfish
standpoint—focused on personal benefit [58]—or a utilitarian one,
oriented toward collective well-being [59].

From an egoistic perspective, the use of LLMs for study purposes can
be considered morally desirable since it facilitates learning, improves
performance, and accelerates academic progress [39]. As long as no
explicit rules are violated and no harm is caused to others, personal
benefit may even be viewed as a moral imperative [60]. The justification
for using LLMs from a consequentialist standpoint can also be reinforced
by hedonic motivations [53].

However, under the same logic, LLM use may become counterpro-
ductive if it negatively affects learning or performance due to errors,
biases, or “hallucinations” generated by the model [61]. Moreover, if the
use of LLMs is socially disapproved of in certain institutions, its use
could harm a student’s reputation [55,62].

From a utilitarian perspective, significant benefits can also be argued
in favor of using LLMs, given their potential to enhance collective well-
being. These tools can improve understanding, reduce anxiety, and in-
crease academic confidence when preparing exams by providing im-
mediate feedback [38]. When used effectively, they can relieve students
of tedious academic tasks and support the development of creativity and
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critical thinking [55]. Additionally, they free up time for other valuable
activities such as rest, social engagement, or volunteering—goals
increasingly valued in higher education [63]. Improving student
well-being is a traditional consequentialist objective [64] and contrib-
utes to the overall improvement of educational outcomes [65].

Nevertheless, consequentialist counterarguments also exist. Uncriti-
cal use of LLMs may lead to dependency, reduce autonomous learning,
and standardize language—thus limiting creativity and cultural di-
versity [8]. Furthermore, unequal access—due to technological or lin-
guistic barriers—may exacerbate educational inequality [66], and the
high energy consumption of these systems [67] raises environmental
concerns from a global utilitarian ethics perspective.

Based on this, the following hypotheses are proposed:

Hypothesis 3a. (H3a): A positive perception of the use of LLMs for
exam preparation from the standpoint of consequentialism is a necessary
condition for the intention to use.

Hypothesis 3b. (H3b): A positive perception of the use of LLMs for
exam preparation from the standpoint of consequentialism is positively
associated with the intention to use.

2.4. Deontology

Deontology (DE), especially in its contractualist interpretation, oc-
cupies a central role by maintaining that moral evaluation should stem
from compliance with universally endorsed norms rather than from the
mere consequences of one’s actions [68]. From this standpoint, in-
dividuals are perceived as operating within an implicit social contract
that defines mutual moral duties and expectations between themselves
and the broader community [22].

This perspective introduces the notion of moral duties that bind in-
dividuals beyond the consequences of their actions [68] and emphasizes
the importance of obligations, particularly as students are citizens and,
in many cases, future professionals in positions of responsibility [69]. In
the university context, especially when part or all of the educational
costs are not directly borne by students, it is reasonable to assume the
existence of an implicit duty toward those who finance their studies.
This duty involves striving to achieve the established learning objec-
tives, which in most cases entails successfully passing examinations.
Therefore, from this perspective, the use of LLMs as a study tool may be
considered morally justifiable when applied honestly, transparently, and
for legitimate educational purposes [2] such as preparing exams.

When such tools are at least partially free, as is the case for many
LLMs, or when their use is institutionally encouraged—a practice that is
increasingly common among educators [6,8]—they rest on an equitable
foundation that reinforces their moral legitimacy. From a DE perspec-
tive, using LLMs thoughtfully and critically promotes students’ intel-
lectual autonomy, strengthens their capacity for independent thinking,
and may support their moral duty to optimize their educational devel-
opment [55].

Nevertheless, the use of LLMs can become morally problematic from
a deontological standpoint when it violates collectively agreed-upon
rules. If their use is explicitly prohibited or restricted by an educa-
tional institution [55], employing these tools to prepare for exams
would contravene a shared agreement, thereby invalidating their moral
justification. Likewise, if LLM use limits students’ exposure to diverse
approaches or perspectives—essential for deep learning [12]—it would
breach their duty to maximize the depth of their education.

Additionally, if some students are unaware of LLM capabilities or
lack the resources to use them, it creates unequal and non-consensual
advantages [70], which can be deemed unjust under the equity princi-
ples proposed by DE. Finally, if we accept that the natural environment
is also part of the implicit contract between individuals and society,
students should take into account the high carbon footprint associated
with LLM use. Therefore, we propose the following:
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Hypothesis 4a. (H4a): A positive perception of the use of LLMs for
exam preparation from the standpoint of deontology is a necessary
condition for the intention to use.

Hypothesis 4b. (H4b): A positive perception of the use of LLMs for
exam preparation from the standpoint of deontology is positively asso-
ciated with the intention to use.

3. Materials and methods
3.1. Population and sampling

The target population of this study consisted of undergraduate stu-
dents in the social sciences—particularly in fields such as economics,
business management, and social work—at two Spanish universities.
This profile is appropriate given that these programs combine compe-
tencies in written and oral communication, analytical reasoning, and a
humanistic understanding of social dynamics [71]. Moreover, in Spanish
universities, these degrees tend to rely heavily on final examinations as
the main form of assessment [15]. Moreover, a review of the course
syllabi for the programs in which the survey was administered
confirmed that examinations, regardless of their specific format,
constituted the common form of assessment. This was verified in 100 %
of the first-year courses, that is, those that students had either completed
or were currently enrolled in, indicating that the statements made by
Panadero et al. [14] remain fully valid in the current context.

The sample was constructed using a combination of purposive sam-
pling and snowball sampling. Participation was voluntary, anonymous,
and self-administered through an online survey. Students were invited
to share the survey link with peers in similar academic programs if they
wished.

The voluntary and anonymous nature of participation encouraged
honesty in responses and helped reduce potential social desirability bias
by fostering the involvement of individuals with more reflective and
altruistic motivations.

3.2. Data collection and sample profile

The questionnaire was administered during April, May, and June of
2025. It was written in Spanish. Respondents were provided with a
Google Forms link that allowed only one response per IP address. The
questionnaire required participants to answer all items related to the
variables included in Fig. 1, although it did not require completion of
sociodemographic questions such as gender, age, etc. The final number
of valid responses analyzed was 151.

Table 1 presents the demographic profile of the survey participants.
Table 1 summarizes the sociodemographic characteristics of the par-
ticipants (N = 151). The sample consisted of 108 females (72.5 %) and
43 males (28.5 %). Most students were aged 22 years or younger (72.8
%), with 26.5 % aged 23 or older. Regarding perceived academic per-
formance, 107 students (70.9 %) reported average or below-average
results, and 44 (29.1 %) reported above-average performance. In
terms of employment, 58 participants (38.4 %) had a full-time job, 38
(25.2 %) held temporary positions, and 55 (36.4 %) reported no

Table 1
Sociodemographic profile of the sample.
Variable Proportion
Gender Male 43 (28.5 %); Female 108 (72.5 %)

Age <20 years = 50 (33.11 %); 21 years = 33 (21.85 %);
22 years = 27 (17.88 %); >23 years= 40 (26.49 %);
Nonanswered= 1 (0.66 %)

On the average or below 107 (70.86 %); Above the
average 44 (29.14 %)

Full time job=>58 (38.41 %); Temporal job 38 (25.17 %);
No job 55 (36.42 %)

Perceived academic
performance
Complementary job
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employment.

Regarding the adequacy of the sample size, this depends on the
analytical techniques employed. For NCA, although no strict minimum
sample size is required, assuming a uniform distribution for the ceiling-
envelopment-free disposal hull, the statistical power approaches 100 %
for detecting effect sizes of at least 0.1, which are considered empirically
meaningful [72].

The adequacy of the sample for regression analysis was evaluated in
terms of statistical power using G*Power 3.1.0 [73]. With a sample of
151 observations, the analysis yields a statistical power of 0.80 (80 %) to
detect a small-to-moderate effect size (f> = 0.075) at a 5 % significance
level, assuming three independent variables. This corresponds to a
minimum detectable R? of 6.98 %, which is substantially lower than the
effect sizes reported in prior studies referenced in this research. To assess
the significance of path coefficients, the size of the sample provides an
80 % power to detect small effects (f* = 0.05) at the 5 % significance
level.

3.3. Questionnaire and measurement model

The questionnaire began with the following prompt: "Imagine that
you are studying for a supervised exam in which you will only be
allowed to use a basic scientific calculator if calculations are required.
Now, think about using an Al tool based on a Large Language Model,
such as ChatGPT, to prepare the exam. It will explain difficult concepts,
prepare summaries, generate multiple-choice questions, or help you
organize the study schedule.

Please indicate the extent to which you agree with the following
statements related to this scenario, using a scale from 0 to 10, where
0 means ’strongly disagree’ and 10 means ’strongly agree’."

The items used to measure the variables represented in Fig. 1 are
detailed in Table 2. The scale used to assess the dependent varia-
ble—behavioral intention to use LLMs in the given scenario—was
adapted from Venkatesh and Davis [45]. The scales for the ethical di-
mensions (ME, CO and DE) were adapted from the MES proposed by
Shawver and Sennetti [32] similarly to Pelegrin-Borondo et al. [23] and
Arias-Oliva et al. [74]. It is worth noting that the consequentialism
dimension was constructed by combining the MES subscales corre-
sponding to egoism and utilitarianism, following the structure proposed

Table 2

Items, descriptive statistics, and internal reliability measures of the scales.
Items Mean SD Factor

loading

Actual usage (USE)
USE= I use LLPs to prepare exams 6.46 3.26 1.00
Intention to use (IU) (CA=0.96, CR=0.98, AVE=0.97)
IU1= I will try to use LLMs to prepare exams 6.58 3.09 0.98
1U2= I predict that I will use LLMs to prepare 6.91 2.80 0.98

exams
Moral equity (ME) (CA=0.89, CR=0.93, AVE=0.87)
ME1= To use LLMs to prepare exams is unjust/just ~ 7.78 237  0.93
ME2= To use LLMs to prepare exams is unfair/fair =~ 7.85 2.24  0.86

ME3= To use LLMs to prepare exams is wrong/ 7.50 248 0.94
right

Consequentialism (CO) (CA=0.86, CR=0.91, AVE=0.76)

CO2= LLMs to prepare exams are rewarding 6.89 2.74  0.90

CO3= LLMs to prepare exams are useless/useful 7.86 229  0.80

CO4= LLMs to prepare exams provide a good 7.40 242  0.94

balance cost/benefit

Deontology (DE) (CA=0.90, CR=0.95, AVE=0.91)

DE1= Using LLMs to prepare for an exam breaks/ 6.74 2,52  0.95
respects an implicit contract with my
environment.

DE2=Using LLMs to polish assignments breaks / 6.65 2.76  0.95
respects what is expected for me as student

Note: SD=Standard deviation, CA=Cronbach’s alpha, CR=convergent reliability
and AVE=average variance extracted.
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in Shawver and Sennetti [32].

The questionnaire was initially shared with four professors and two
students to gather feedback on its readability and ease of completion.
Insights gained from this pilot test helped improve the clarity of the
questionnaire, although no substantial modifications were required.

3.4. Data analysis

The quantitative methods used to evaluate the proposed model
follow a sequential application of two complementary techniques: NCA
and PLS-SEM. This methodological combination enables a structured
approach to address the two research objectives (RO1 and RO2).

RO1 focuses on determining whether the ethical perceptions
assessed are necessary conditions for the acceptance of Large Language
Models (LLMs) in exam preparation. This involves testing hypotheses
Hla-H4a using NCA [34,36], which allows verification of, for example,
whether "a minimum perception of ME is necessary to generate IU
LLMs."

RO2, in turn, tests hypotheses H1b-H4b, which examine whether
certain ethical perceptions are sufficient conditions to generate inten-
tion to use (IU), and whether IU itself is sufficient to explain actual use
(USE) of LLMs. This analysis is carried out using PLS-SEM, a technique
suitable for small samples [75] and particularly useful for evaluating the
predictive power of the proposed model [35].

NCA was implemented using the R package NCA() [76], while scale
validation and PLS-SEM were conducted using the cSEM package [77].
The overall analytical procedure, integrating both techniques, follows
the general protocol outlined by Richter et al. [35], with one key
distinction. In this study, NCA was applied prior to the PLS-SEM
analysis.

The procedure followed three steps:

Step 1. involved evaluating the internal consistency and discriminant
validity of the constructs [78]. In this step, standardized factor loadings
were used as construct scores.

Step 2. addressed the RO1 hypotheses using NCA. The data were first
cleaned by removing outliers, defined as cases in which the difference
between behavioral intention and the explanatory factor exceeded three
times the standard deviation of that difference across the sample. Using
scatterplots, ceiling envelopment—free disposal hull (CE-FDH) envelopes
were identified, and the necessity effect size (d) was calculated for each
pair of dependent and explanatory variables: USE and IU; IU and ME; IU
and CO; and IU and DE [34].

In the CE-FDH method, the upper frontier of the data represents the
maximum achievable level of the outcome variable (USE or IU) as a
function of the explanatory variables (IU in the case of USE, or ME, CO,
and DE for IU). This stepwise “envelope” delineates the empty space
where no observations exist, indicating that certain levels of the
outcome variable are impossible without a minimum level of the
explanatory variable. The area of this empty space determines the effect
size (d), which quantifies the degree of necessity of the condition [34].

Hypotheses Hla-H4a were considered supported when d > 0.1 and,
according to the permutation test, p < 0.05 [36]. Additionally, bottle-
neck tables were constructed to identify the minimum level of each input
variable required to achieve a specific level of the outcome variable.

Step 3. addressed RO2 by estimating the model presented in Fig. 1
with PLS-SEM. The model was fitted through percentile bootstrapping
with 10,000 subsamples. This step evaluated the econometric robustness
of the proposed model—examining both model fit and predictive
capacity—and tested the sufficiency hypotheses (H1b-H4b). A hypoth-
esis was considered supported when the corresponding path coefficient
exhibited a p-value below 0.05.
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4. Results
4.1. Descriptive statistics and assessment of measurement model

The mean scores and standard deviations of the items included in the
study are presented in Table 2. It is important to note that, since an 11-
point Likert scale (ranging from 0 to 10) was used, a score of 5 represents
a neutral or indifferent evaluation.

The prevailing behavioral intention toward the use of LLMs as study
material is favorable, with the average of its two items ranging between
6 and 7. A similar evaluation is observed for the effective use of LLMs,
with its mean score being only slightly lower. The assessment of items
related to ethical judgments is even more positive than the intention to
use: items related to ME and CO have mean scores between 7 and 8,
while those related to DE are slightly below 7.

Table 2 also shows that the scales used exhibit adequate internal
reliability. In almost all cases, both Cronbach’s alpha and composite
reliability exceed the recommended threshold of 0.70; the factor load-
ings of the items are above 0.70, and the average variance extracted
(AVE) is greater than 0.50. Furthermore, the results in Table 3 support
the discriminant validity of the scales according to the Fornell-Larcker
criterion, as the square root of the AVE is greater than the Pearson
correlations between the dimensions.

4.2. Results of the necessary condition analysis (research objective 1)

The graphical representation of the scatterplot and the ceiling
envelopment-free disposal hull CE-FDH for the relationship between IU
and USE is presented in Fig. 2. Table 4 shows the extent to which IU is a
necessary condition for actual use to occur. It reveals that the degree of
necessity (d) is 0.325 (p < 0.001), indicating a strong and significant
effect; thus, hypothesis Hla is supported.

The CE-FDH for the relationship between ethical perceptions and IU
is also shown in Fig. 2. Table 4 indicates that all these variables have a
statistically significant status as necessary conditions for IU. The stron-
gest necessary condition—stronger even than IU for USE—is ME, with a
d value of 0.338 and p < 0.001, classifying it as strong and significant.
The second most influential necessary condition is CO, with d = 0.274
(moderate-to-high) and p < 0.001. The effect of DE, although more
modest (d = 0.207), is also significant (p < 0.001). In all cases, the values
exceed the 0.1 threshold, indicating empirical relevance [34] and nearly
100 % statistical power [72]. Therefore, hypotheses Hla, H2a, H3a, and
H4a are supported.

Table 5 presents the bottleneck tables for the relationship between IU
and USE, as well as for ME, CO, and DE with IU. These tables identify the
minimum value that each explanatory variable must reach in order for a
given level of USE or IU to occur.

In the case of USE, achieving a medium level (50th percentile) re-
quires, at minimum, reaching the 20th percentile in IU. For high levels of
use (80th percentile and above), the bottleneck indicates that it is
necessary to exceed the 60th percentile in IU. Finally, full use (100th
percentile) requires reaching at least the 70th percentile in intention to
use.

Regarding IU, reaching a neutral level (50th percentile) requires at

Table 3
Correlations and discriminant validity measures (Fornell-Larcker criterion).
USE U ME co DE
USE 1.000
U 0.905 0.983
ME 0.567 0.654 0.909
Cco 0.630 0.700 0.827 0.881
DE 0.608 0.690 0.779 0.793 0.953

Note: In the principal diagonal comes the squared average variance extracted
and under it, Pearson’s correlations.
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least the 23.8th percentile in ME and the 20th percentile in DE. At this
level, CO is not a necessary condition. For higher levels of IU (70th and
80th percentiles), the most demanding thresholds correspond to ME and
CO, which must be at least in the 36.6th and 48th percentiles, respec-
tively. DE is also required, though with more moderate
demands—again, the 20th percentile. Finally, full acceptance of LLMs
(100th percentile) requires reaching the 77.2nd percentile in ME, the
55.3rd percentile in DE, and exceeding the 70th percentile in CO.

4.3. Results of PLS-SEM analysis (research objective 2)

Table 6 presents the results of the PLS-SEM estimation, including the
path coefficients () and their significance, measured through p-values.
The influence of IU on USE is highly significant (p = 0.905, p < 0.001),
indicating that IU functions as a sufficient condition for actual use. The
effect size (f> = 4.505) is very large.

Moreover, both CO (f = 0.350, p = 0.038, f> = 0.070) and DE (f =
0.350, p = 0.013, f> = 0.072) exhibit significant path coefficients on IU,
with small-to-moderate effect sizes. Therefore, both ethical perceptions
can also be considered sufficient conditions for IU LLMs. In contrast, the
influence of ME on IU is not statistically significant.

Regarding model fit, as shown in Table 6 and following the criteria
proposed by Hair et al. [78], the quality of fit for USE is substantial (R® =
81.8 %), while for IU it is moderate (R? = 54.3 %). In both cases, the R?
values clearly exceed the minimum threshold of 7 % established in
Section 3.2. In fact, these coefficients of determination indicate a sta-
tistical power close to 100 %. Additionally, the VIF values for all vari-
ables are well below 5, indicating no serious multicollinearity issues. As
for predictive relevance, it is moderate for USE (Q* = 36.9 %) and high
for the IU model (Q? = 50.5 %), according to the criteria by Hair et al.
[78].

5. Discussion
5.1. General discussion of results

5.1.1. Overview of the research

The findings of this study provide a broad and nuanced perspective
on how ethical perceptions influence the acceptance and use of large
language models (LLMs) by university students in the context of su-
pervised exam preparation. Using a dual methodological approach-
—combining Necessary Condition Analysis (NCA) and Partial Least
Squares Structural Equation Modeling (PLS-SEM)—the study addresses
two research objectives (ROs).

The first (RO1) aimed to determine whether a minimum threshold
exists in three ethical dimensions for the formation of intention to use
LLMs. The second (RO2) sought to assess whether higher ethical eval-
uations lead to greater levels of acceptance. Ethical perceptions were
measured using a modified version of the Multimensional Ethics Scale
(MES) scale by Reidenbach and Robin [22], adapted by Shawver and
Sennetti [32].

5.1.2. Ethical judgments as a necessary and sufficient conditions

To address RO1, the study applied NCA, which revealed that all
assessed ethical dimensions—moral equity (ME), consequentialism
(CO), and deontology (DE)—constitute necessary conditions for the
existence of intention to use (IU) LLMs. This means that, regardless of
their magnitude of effect, students must reach at least a minimum
threshold in each of these ethical dimensions to even consider using
LLMs as part of their study strategies. Although the MES scale captures
normative frameworks that are often philosophically opposed, the re-
sults suggest that all these dimensions are relevant in ethical decision-
making within this context. For instance, the fact that ME and DE are
necessary conditions implies that students will only consider using LLMs
if they do not perceive significant injustice or a violation of implicit
contracts with educational institutions and society. Similarly, the
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Fig. 2. Ceiling envelopment-free disposal hull depicting the relationship between intention to use and actual use, and the relationship between moral equity,
consequentialism, and deontology with intention to use. Source: Authors’ own work by using Richter et al. [35] and Dul et al. [36].

Table 4
Effect Sizes for the necessity status of the assessed explanatory variables.

Relation Effect size p-value Decision on hypothesis
IU—USE 0.325 <0.001 Hla=Supported
ME-IU 0.338 <0.001 H2a=Supported
CO-IU 0.274 <0.001 H3a=Supported
DE—IU 0.207 <0.001 H4a=Supported

Table 5

Bottleneck tables for USE and IU.
Output U Output ME CO DE
(USE) (019)]
0 NN 0 NN NN NN
10 10 10 NN NN NN
20 20 20 23.8 NN 20
30 20 30 23.8 NN 20
40 20 40 23.8 NN 20
50 20 50 23.8 NN 20
60 20 60 36.6 38.3 20
70 20 70 36.6 48.0 20
80 60 80 36.6 48.0 20
90 70 90 73.5 72.3 24.7
100 70 100 77.2 72.3 55.3

Note: (a) Quantities come in percentage (b) The output for ME, RE, CO and DE is
IU; and the output of IU is USE, (c) NN stands for no necessary.

necessity of CO indicates that students are only likely to consider using
these tools if they anticipate positive consequences from egoistic and
utilitarian perspectives. This finding aligns with recent studies high-
lighting the growing ethical awareness among university students, such
as the one reported by Barbosa [79] in the Portuguese context.
Regarding RO2, the PLS-SEM results reveal that both consequen-
tialism and deontology exert statistically significant and sufficient

effects on intention to use. In contrast, moral equity does not have a
statistically significant effect. This divergence between necessity and
sufficiency is theoretically important, as it shows that a condition may
be necessary without being sufficient. In other words, while a perception
of moral equity is indispensable for IU to exist, it is not enough by itself
to explain it. In fact, ME has the largest effect size as a necessary con-
dition, indicating that no student reports a high level of intention to use
LLMs without perceiving a high degree of fairness. However, once the
minimum threshold for ME is met, further increases in perceived fairness
do not lead to greater IU. In contrast, consequentialism and deontology
exhibit lower necessity thresholds. Once those thresholds are exceeded,
a relative lack in one of the dimensions can be offset by the presence of
the other to promote higher levels of acceptance. Moral equity, however,
does not operate in a compensatory fashion—its influence stabilizes
once its threshold is met.

It also must be remarked as a key finding that intention to use is
confirmed as both a necessary and sufficient condition for explaining
actual use (USE) of LLMs.

Results in RO1 and RO2 justifies the need to combine complemen-
tary methodologies to understand complex phenomena [33,35] such as
how ethics influences decision making. From a decision-making
perspective, this means that for a student to even consider using LLMs
over alternative tools, they must first perceive such use as fair, deon-
tologically acceptable, and offering some utility. Only under these
necessary conditions does IU become possible. Within that context, a
greater perception that LLMs help fulfill obligations toward society,
their immediate environment, and their academic institution—as well as
being effective tools for academic achievement—translates into a higher
intention to use.

This results in RO1 and RO2 can be also understood through the
conceptual difference between acceptability and acceptance of tech-
nology [80]. Moral equity primarily determines acceptability, that is,
whether the use of LLMs is perceived as fair, legitimate, and ethically

Table 6

Results of the PLS-SEM estimation of the model developed in Section 2.
Path B SD f2 VIF Students’ t p-value Decision
IU—-USE 0.905 0.030 4.505 1 30.249 <0.001 H1b: Supportedt
ME-IU 0.108 0.132 0.007 3.64 0.818 0.414 H2b: Not supported
CO-IU 0.350 0.169 0.070 3.854 2.078 0.038 H4b: Supported
DE-IU 0.329 0.133 0.077 3.088 2.48 0.013 H5b: Supported

Notes: (a) p stands por path coefficient and SD standard deviation (b) The determination coefficient for USE is 81.8 % and for IU is 54.3 %. (b) E1 Q? de Stone-Geisser es

39.6 % para USE and 50.5 % para IU.
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permissible. From a virtue ethics perspective, this dimension reflects the
moral threshold that must be met before any behavioral intention can
emerge. However, acceptance and actual use require additional moti-
vational drivers. Once students perceive the technology as morally
acceptable, the degree of their intention to use LLMs depends mainly on
consequentialist and deontological considerations. The former relates to
perceived efficiency gains—such as completing tasks in less time or
improving academic outcomes—while the latter reflects a sense of duty
to meet academic expectations and learning goals assumed toward in-
structors, peers, and family. Consequently, moral equity establishes the
ethical legitimacy of use, whereas consequentialism and deontology
provide the motivational force that translates acceptability into actual
acceptance and use.

5.1.3. Contextualizing the results of this paper in the literature

The fact that consequentialism—often associated with rational
egoism and utilitarianism—emerges as the most statistically significant
explanatory dimension supports findings from Bilos and Budimir [53],
Boubker [1], Dahri et al. [81] Mustofa et al. [82], Sobaih et al. [83] and
Strzelecki [84]. These studies, grounded in technology acceptance
models such as TAM and UTAUT, highlight the relevance of conse-
quentialist constructs like perceived usefulness, ease of use, and hedonic
motivation in the adoption of LLMs in academic settings. It is also
notable that using the same MES scale from the faculty’s perspective,
Pelegrin-Borondo et al. [27] found that moral egoism significantly in-
fluences faculty willingness to promote LLM use among students.

The fact that IU is a necessary condition and highly statistical sig-
nificant to explain USE, result validates the core assumptions of tech-
nology acceptance models such as TAM [30] and UTAUT [31], and
aligns with findings from Sobaih et al. [83] and Strzelecki [84] in stu-
dents’ use of LLMs.

Overall, ethical perceptions of LLM use are positive. Mean scores are
above the midpoint of the scale, especially for moral equity and conse-
quentialism, suggesting that students tend to view these tools as both
fair and useful—both in terms of justice and outcomes. This favorable
view may partly stem from the perception of LLMs as democratizing
tools that provide personalized access to knowledge regardless of so-
cioeconomic background [49]. This interpretation is consistent with
Shahzad et al. [85], who also report a generally positive valuation of Al
use in educational settings in China.

Moreover, the statistical significance of the deontological dimension
is consistent with prior literature. This ethical framework has been
shown to inhibit academically questionable behaviors such as plagia-
rism and cheating [28,29], as well as to explain faculty members’
intention to use LLMs in their teaching [27]. This finding can also be
interpreted through the lens of technology acceptance models, which
have shown that perceived social norms favoring the use of LLMs in
academia are positively associated with their adoption [83,84,86].

5.2. Theoretical implications

This study makes a significant contribution to the literature on
technology acceptance in educational settings by incorporating a
broader ethical perspective alongside a robust methodological
approach. While previous research has primarily focused on factors such
as perceived usefulness, ease of use, or social influence [31], this study
introduces normative elements drawn from moral philosophy to explain
the adoption of emerging technologies. The integration of the MES scale
[22] into a technology acceptance model provides a more comprehen-
sive conceptual framework, enabling an analysis not only of the func-
tionality of technology but also of its ethical legitimacy from multiple
normative perspectives.

Moreover, the study demonstrates the value of combining NCA and
PLS-SEM to evaluate the influence of ethical perception in decision
making. This complementary methodological approach allows for the
identification of both necessary and sufficient conditions, overcoming
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the limitations of traditional statistical models, which tend to focus
exclusively on sufficient causal relationships and often overlook the
minimum thresholds required for certain behaviors to occur [34]. The
finding that moral equity is a necessary but not sufficient condition
highlights the complexity with which ethical judgments influence
decision-making. This complexity is further underscored by the obser-
vation that moral equity has the largest effect size as a necessary con-
dition, while showing the least statistical relevance in the sufficiency
model.

Likewise, the finding that all evaluated ethical dimensions are
necessary conditions for the formation of intention to use—and that two
of them, consequentialism and deontology, also act as sufficient con-
ditions—is consistent with the original proposition of the MES scale,
which recognizes that ethical decisions are based on the coexistence of
multiple normative frameworks [22].

Empirical evidence shows that consequentialism and deontology are
statistically significant in the PLS-SEM model. This suggests that among
students who perceive LLM use as surpassing minimum ethical thresh-
olds, a greater perception of favorable consequences translates into a
higher level of acceptance. Such perceptions may be motivated by the
expectation of achieving better academic results—or the same results
with less effort. This enhanced performance can also be interpreted
through a deontological lens, insofar as many students view academic
success as part of an implicit contract with their families and with so-
ciety. In this sense, the use of LLMs may be seen as an adaptive response
to the Spanish university context, where academic performance plays a
central role in evaluating student achievement [14].

The necessary nature of the moral equity dimension suggests that
students’ decisions are not based solely on utilitarian or deontological
reasoning. Rather, their judgments are shaped by a more complex
ethical structure that should be recognized and incorporated into
theoretical models applied to the study of technology acceptance. In this
regard, studies such as Shawver and Sennetti [32] provide valuable
conceptual tools for the teaching and analysis of ethical decision-making
in educational contexts, like those addressed in this study.

5.3. Practical implications

The findings of this study have meaningful practical implications for
education policymakers, university administrators, and instructors. First
and foremost, the fact that the acceptance and use of LLMs are shaped by
ethical judgments suggests that their integration into academic envi-
ronments must go beyond mere technical access. It is essential to
accompany their adoption with ethical training that equips students to
make informed and responsible decisions [24]. Institutions could design
explicit ethical rubrics and guidelines defining acceptable uses of LLMs
for exam preparation—such as question generation, self-testing, and
conceptual explanation—thus operationalizing deontological principles
into clear behavioral standards.

The finding that consequentialism and deontology function as both
necessary and sufficient conditions for intention to use provides a clear
pathway for promoting responsible adoption. Institutional campaigns
could focus on highlighting tangible benefits—such as improved aca-
demic performance, time savings, or support for autonomous lear-
ning—while also raising awareness of potential risks, including
technological dependency or the erosion of cognitive skills [87]. The
relevance of deontology further suggests that clear guidelines and codes
of conduct regarding LLM use can facilitate responsible behavior.

The fact that all three ethical dimensions are necessary conditions
implies that their absence can hinder IU even if the functional benefits
are evident. This underscores the importance of inclusive policies that
ensure equitable and legitimate access to LLMs [9]. For instance, stu-
dents who perceive LLMs as unfair or inconsistent with educational
equity may be reluctant to use them, despite acknowledging their
effectiveness. Universities should provide institutional access to reliable
LLM platforms with comparable functionality to paid versions. This
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would prevent economic disparities among students from translating
into unequal learning conditions and tools to exam preparation, thereby
reinforcing the principle of moral equity identified in this study.

Given that intention to use is both a necessary and sufficient condi-
tion for actual use, institutions should create environments that foster
positive attitudes toward these tools [56]. This can be achieved through
digital literacy programs, training in the ethical use of LLMs [87], the-
matic seminars, or collaborative activities that allow students to explore
their potential in guided settings [85]. Higher education institutions
could implement supervised Al-assisted exam simulations, where stu-
dents practice reasoning and problem-solving with LLMs under
instructor guidance. Such sessions would promote reflective learning
and reduce misuse by emphasizing critical evaluation of Al-generated
responses. Likewise, it may be incorporated short digital literacy mod-
ules focused on self-regulation and critical thinking when using LLMs for
exam study. Embedding these modules in first-year courses would help
students build responsible and autonomous learning habits from the
outset.

From a pedagogical standpoint, these results invite educators to
rethink assessment methods. If students perceive that LLMs enhance
their learning, they are likely to use them—even in the absence of
explicit regulation. Therefore, rather than relying on prohibitions, in-
stitutions should consider process-oriented assessment systems that
encourage creativity, critical reflection, and the integration of multiple
sources [88].

6. Conclusions
6.1. Principal findings

This study provides empirical evidence on the role that distinct
ethical dimensions play in the acceptance and use of large language
models (LLMs) by university students during their preparation for su-
pervised exams. Through a dual methodological approach—combining
Necessary Condition Analysis (NCA) and Partial Least Squares Structural
Equation Modeling (PLS-SEM)—the results enhance our understanding
of the phenomenon from both normative and predictive perspectives.

First, it was confirmed that all three ethical dimensions assessed—-
moral equity, consequentialism, and deontology—function as necessary
conditions for the formation of intention to use (IU). This implies that
unless students reach a minimum threshold in each of these dimensions,
it is unlikely they will develop a favorable attitude toward the use of
LLMs.

Furthermore, ME, CO, and DE also showed statistically significant
and sufficient effects in the PLS-SEM model, suggesting that once min-
imum ethical thresholds are surpassed, the acceptance of LLMs increases
only when students’ perceptions in these ethical domains are also high.
In contrast, relativism did not exhibit a significant sufficient effect,
indicating that while its presence may be necessary, it does not directly
drive a higher level of acceptance.

Additionally, the analysis confirmed that intention to use is both a
necessary and sufficient condition for explaining the actual use (USE) of
LLMs. This finding reinforces the central role of IU in classic technology
adoption models such as TAM [30] and UTAUT [31], even when ethical
variables are integrated into the analysis.

Overall, the study advances theoretical, empirical, and practical
understanding of how ethical considerations influence student behavior
regarding emerging educational technologies, particularly in contexts
where academic integrity and responsible use are paramount.

6.2. Limitation of the study

Despite the methodological rigor of the approach employed, this
study presents several limitations that should be considered when
interpreting the results.

First, the sample consists exclusively of university students from
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social science-related programs, which restricts the generalizability of
the findings to other educational domains, such as STEM disciplines.
However, this focus also provides a diverse academic landscape in itself,
encompassing both quantitative, logic-oriented subjects (e.g., statistics,
accounting) and humanistic ones (e.g., social work, sociology), where
the forms of examination vary considerably. This heterogeneity
strengthens the relevance of the results for understanding exam prepa-
ration practices in contexts that combine different cognitive and eval-
uative demands.

Additionally, the data were collected through self-reported mea-
sures, which may introduce social desirability bias—particularly in re-
sponses related to ethical judgments. As noted by Ma et al. [89],
individuals with higher levels of education tend to exhibit a greater
willingness to adopt artificial intelligence, which may influence how
students respond to questions about emerging technologies.

The study was conducted solely with Spanish participants, which
allows for the extrapolation of findings to culturally similar contexts, but
limits their applicability to culturally distinct environments. Previous
cross-cultural research has shown that the influence of explanatory
variables on the intention to use of generative language models can vary
significantly across cultural settings [81,90].

Another important limitation is the cross-sectional nature of the
study. Since perceptions and behaviors were measured at a single point
in time, it is not possible to draw conclusions about the evolution of
ethical attitudes or changes in LLM use over time.

Finally, the proposed model focuses exclusively on ethical variables
as antecedents of intention to use, omitting other potentially relevant
factors such as academic performance, institutional pressure, or levels of
digital literacy.

6.3. Further research

The limitations of this study serve as a motivation for future research.
One possibility is to expand the proposed model by incorporating
contextual or institutional variables, such as the presence of academic
ethics codes, institutional regulations governing Al use, or the degree of
instructor oversight. This would enable an analysis of how individual
ethical perceptions interact with broader normative and organizational
environments, offering a more comprehensive understanding of the
conditions that shape responsible technology adoption.

It would also be valuable to replicate the study across different
populations and educational levels, including other countries and non-
university contexts. Such efforts would allow for cross-cultural com-
parisons in the ethics of technology use and help assess the universality
of the factors identified as necessary or sufficient for acceptance.

Finally, longitudinal studies could explore how ethical perceptions
and the use of LLMs evolve over time as these technologies become more
deeply integrated into educational processes. This approach would
facilitate the identification of dynamic changes, potential habituation
effects, or shifts in academic morality associated with the prolonged use
of generative artificial intelligence.
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