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Abstract: A significant portion of the academic community, including students, teachers,
and researchers, has incorporated generative artificial intelligence (GenAl) tools into their
everyday tasks. Alongside increased productivity and numerous benefits, specific chal-
lenges that are fundamental to maintaining academic integrity and excellence must be
addressed. This paper examines whether ethical implications related to copyrights and
authorship, transparency, responsibility, and academic integrity influence the usage of
GenAl tools in higher education, with emphasis on differences across academic segments.
The findings, based on a survey of 883 students, teachers, and researchers at University
North in Croatia, reveal significant differences in ethical awareness across academic roles,
gender, and experience with GenAl tools. Teachers and researchers demonstrated the
highest awareness of ethical principles, personal responsibility, and potential negative con-
sequences, while students—particularly undergraduates—showed lower levels, likely due
to limited exposure to structured ethical training. Gender differences were also significant,
with females consistently demonstrating higher awareness across all ethical dimensions
compared to males. Longer experience with GenAl tools was associated with greater ethical
awareness, emphasizing the role of familiarity in fostering understanding. Although strong
correlations were observed between ethical dimensions, their connection to future adoption
was weaker, highlighting the need to integrate ethical education with practical strategies
for responsible GenAl tool use.

Keywords: generative artificial intelligence; generative Al (GenAl); higher education;
ethical implications; artificial intelligence in education (AIED); technology adoption

1. Introduction

Many authors refer to 2023 as artificial intelligence’s (AI) breakout year due to the
launch of ChatGPT (powered by the GPT-3.5 model), an Al chatbot built on OpenAl’s
foundational large language models (LLMs). ChatGPT debuted publicly, reaching 1 million
users in just five days from its launch and 100 million users in two months which set the
record for the fastest-growing consumer application in history [1,2]. The viral success of
Generative Al tools like ChatGPT, Microsoft Copilot, and Gemini, due to their broad range
of applications across various industries and domains, has made them central topics of
contemporary digital transformation and technology-driven discussions. According to a
McKinsey report, “Generative Al’s impact on productivity could add trillions of dollars in
value to the global economy, as well as automate half of today’s work activities between 2030
and 2060, with a midpoint in 2045, or roughly a decade earlier” [3]. Beyond the business
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context, in which Al is seen as a catalyst for growth and a disruptive force in the economy
and the future of work [4], Generative Al (GenAl) tools have increasingly penetrated
the academic environment. While many opportunities and challenges are common to
both ecosystems, the academic setting presents a unique set of concerns that need to be
critically analyzed and addressed. Foremost among these are ethical implications [5], such
as copyright issues, plagiarism, transparency, and responsibility, which are fundamental to
maintaining academic excellence and integrity. Adding to the complexity and intricacy of
this debate is the lack of formal consensus on whether, how, and under what conditions
GenAl tools can (or should be) integrated into current and future higher education curricula.

The emergence of GenAl has created a novel research topic within Artificial Intelli-
gence in Education (AIED)—a multidisciplinary field that has been developing since the
late 20th century, combining advances in artificial intelligence with insights from education,
psychology, and other social sciences to enhance teaching, learning [6], and administration.
AIED encompasses a wide range of technologies, including intelligent tutoring systems, per-
sonalized learning environments, data-driven educational insights [7], and, most recently,
the use of GenAl in academia and education.

Some universities, professors, and researchers have advocated banning GenAl tools
from educational contexts [8,9], expressing concern that these tools might undermine
students’ independent and critical thinking or facilitate cheating and academic misconduct,
especially in online examination environments fueled by factors like anonymity, reduced
supervision, and easier access to unauthorized resources during exams [10]. Other scholars
add that GenAl tools negatively affect teachers’ ability to differentiate between meticulous
and automation-dependent students, as well as to measure the achievement of learning
outcomes [11]. On the other hand, some higher education institutions (HEIs) have swiftly
adapted and enthusiastically leveraged the potential of new tools, while the majority have
chosen a middle ground by embracing the GenAl benefits “while practicing pragmatic
caution and scrutiny” [12] (p. 3). Since there is no global consensus or standard guidelines
for AIED, adopting and using these tools remain an individual’s choice and preference,
resulting in multiple avenues for exploration and analysis.

Despite the increasing number of scholarly articles and studies on integrating GenAl
tools in HEIs, a significant gap remains in understanding how challenges specific to the
academic environment—particularly ethical implications and user trust—differ across
various academic segments. This study seeks to address this gap by exploring the unique
experiences and perspectives of distinct groups, including undergraduate and graduate
students as well as teachers and researchers. The aim is to outline the complexities of
Al adoption, emphasizing ethical implications to offer insights and recommendations for
strategies that promote responsible and effective Al integration across all levels of the
academic community.

2. Background
2.1. Overview of Generative Al Tool Use in Higher Education

Although AI has become an indispensable buzzword in many stakeholders’ discus-
sions worldwide, there is still a lack of agreement on its unique definition. Artificial
intelligence, a term coined by emeritus Stanford professor John McCarthy in 1955, was
defined by him as “the science and engineering of making intelligent machines, especially
intelligent computer programs” [13] (p. 2), Haenlein and Kaplan define Al as a “system’s
ability to correctly interpret external data, to learn from such data, and to use those learnings
to achieve specific goals and tasks through flexible adaptation” [14] (p. 17). Other scholars,
like Mutasa et al. (2020), explain artificial intelligence (AI) as “a broad umbrella term used
to encompass a wide variety of subfields dedicated to, simply put, creating algorithms to
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perform tasks that mimic human intelligence” [15] (p. 96). Generative Al (GenAl) is one of
the artificial intelligence and machine learning (ML) subfields and is a “technology that
leverages deep learning models to generate human-like content in response to complex
and varied prompts” [16] (p. 10) like languages, instructions, and questions. Compared
to other Al systems, which are explicitly programmed to follow predetermined rules or
generate specific outputs, GenAl can self-formulate new and original outputs, like images,
video, audio, text, code, and 3D renderings [17].

Unlike teaching methods, educational systems, and institutional reforms, which his-
torically implemented changes at a very slow pace [18], the landscape of higher education
has significantly transformed towards online learning, which was accelerated by the recent
pandemic [19]. Many students, teachers, and researchers became eager to explore and
experiment with technological innovations and global trends. Therefore, the academic
community quickly recognized the potential of large language models (LLMs) powered
by natural language processing (NLP), which enables real-time assistance and contextual
understanding as powerful assets to enhance various academic tasks, including research,
learning, and teaching.

The widely recognized Al-powered chatbots, such as OpenAl’s ChatGPT (GPT-4.5),
Microsoft’s Copilot, and Google’s Gemini (v2.5), provide general virtual assistance by offer-
ing step-by-step instructions, brainstorming ideas, analyzing data, translating languages,
and crafting personalized answers tailored to individual’s prompts [20]. These tools also
provide a potential replacement for search engines. For example, manual information
screening is very time-consuming, while GenAl tools offer simple and relevant results
within seconds [11]. This way, students can automate their manual search and screening
tasks. Moreover, the academic community can also benefit from utilizing more specialized
GenAl tools. Specific applications range from solving complex equations with step-by-step
explanations by utilizing Al tools like Photomath (v8.43) and Wolfram Alpha (v14.2), real-
time code writing assistance by GitHub Copilot (GPT-4.5), or boosting creativity by creating
art from textual descriptions in tools like DALL-E 3 and Midjourney (v6.1) and compelling
visual storytelling content without traditional filming through apps like Synthesia (v10.9)
and HeyGen (v3.0). Researchers can also benefit from utilizing Al-driven tools like Scite.ai,
Elicit, and Semantic Scholar to assist with academic literature reviews, summarize schol-
arly articles, synthesize research findings, and discover related studies [21]. Teachers and
educators can leverage GenAl tools to help them brainstorm content, customize lecture
tasks, draft curriculum strategies and objectives, or assist with grading—especially for
open-ended responses [22]. Additionally, Al can help them automate manual tasks like
data entry, course scheduling [23], or analyzing student performance insights to automati-
cally identify low-engagement students and implement interventions [24]. By embracing
these tools, educators can enhance their teaching effectiveness and efficiency, which can
help them focus on student engagement, improving learning outcomes [25] and “fulfill-
ing their primary role—empathic human teaching” [26] (p. 21) because true, authentic
learning and personal growth emerge from deep, reciprocal connections and meaningful
relationships [27].

2.2. Identifying Challenges and Concerns in AIED

As shown by many examples, generative artificial intelligence has made a significant
impact on streamlining and facilitating the daily academic tasks as well as disrupting the
knowledge creation and dissemination process. However, along with numerous benefits,
the usage of GenAl tools tackle specific set of challenges that need to be discussed because
“educational technology is not (only) about technology—it is the pedagogical, ethical,
socio-technological, cultural and economic dimensions of AIED we should be concerned
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about” [28] (p. 106). In their book, The Ethics of Artificial Intelligence in Education: Practices,
Challenges, and Debates, Holmes and Porayska-Pomsta (2023) argue that the moral dilemmas
and challenges surrounding Al ethics in education cannot be simply fixed through better
design or programming. They believe that instead of using a set of common-sense but
somewhat random principles, the development of robust and actionable guidelines for
AIED research and practice should be grounded in fundamental concepts from moral
philosophy [29] (p. xiv). Moreover, since AIED involves a complex mix of human—computer
interaction, philosophy, social sciences, psychology, and educational practice, Wagner (2018)
emphasizes the importance of remaining skeptical of oversimplified and conceptually
shallow “technical fixes” that promise to engineer achievable “ethical” actions. He warns
that we need to stay vigilant against superficial responses that lead to obfuscation and
ethics-washing [30]. Similarly, “designing new social Al systems for education requires
more than fine-tuning existing language models for academic purposes. It demands a
multidisciplinary approach, where Al is built to uphold human rights, respect teachers’
expertise, and support the diverse needs of students” [31]. Sharples (2023) [31] adds that
effective GenAl integration should be a “collaborative effort, bringing together experts in
neural and symbolic Al with specialists in pedagogy and learning sciences. By engaging
educators and practitioners in this process, Al systems can be designed to foster meaningful
dialogue and enhance learning experiences, rather than merely automating educational
tasks” [31].

2.3. Key Differences: Ethical Implications and User Trust

Following a review of the existing literature [5,32-35] the majority of above-mentioned
implications could be separated into two categories: (1) ethical implications specific to
the academic environment, and (2) user trust issues that focus on the technical aspects of
Al tools. While both categories combined cover the most significant concerns of GenAl
tool usage in education, distinguishing them into separate categories allows for a more
thorough analysis. Ethical concerns are primarily related to (i) copyrights and authorship,
(ii) transparency, (iii) responsibility, and (iv) academic integrity. In contrast, user trust
issues pertaining to (i) the accuracy of generated content, (ii) privacy and safety, and
(iii) the non-maleficence of the Al systems. This separation maintains the specificity of
each topic, avoids dilution, and supports the objective of this research paper to closely
examine whether and how ethical issues affect the adoption and use of GenAl tools in
HEIs. Moreover, the same approach aligns with Holmes’s argument that “the ethics of
AIED cannot be reduced to questions about data or computational approaches alone and
AIED research also needs to account for the ethics of education, which, although the
subject of decades of research, is all too often overlooked” [36] (p. 161). In the context
of technology adoption, ethical implications, such as concerns about violating academic
integrity including plagiarism, copyright infringement, transparency, and unauthorized
resource use [10], often shape external barriers that are closely related to organizational
policies, legal compliance, and societal acceptance [37,38]. These implications originate
from normative ethics models (deontology, consequentialism, and virtue ethics), which
address the moral principles of right and wrong conduct [26], as well as bioethics that
align with digital technologies by tackling issues related to new forms of agents, users,
and environments [37]. On the other hand, issues of user trust (doubts about the accuracy
of Al-generated content, explainability, fairness and protection of privacy, personal data,
and system security) are rooted in psychology and sociology and focus on individual’s
internal willingness and motivation to engage with technology, influencing perceptions of
risk and expected outcomes [39-41]. In addition to similar (yet not identical) theoretical
domains, there are differences between ethical implications and user trust, which should
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be addressed to facilitate stakeholders” development of targeted interventions for each
area as they require different mitigation strategies. Addressing ethical challenges primarily
requires changes in policy development, educational curriculums, and the establishment of
community-wide accepted AIED ethical frameworks and guidelines [42], while enhancing
user trust involves improving system transparency, strengthening security features, and
optimizing user experience design [43]. Ethical concerns could primarily affect the initial
decision to adopt or reject technology due to perceptions of ethical acceptability influenced
by evolving legal standards and societal norms [44,45]. User trust, on the other hand,
can be built or eroded more rapidly based on individual perceptions and experiences
with system performance [46], which affects continued engagement with the technology.
Therefore, addressing this challenge leads to the creation of user-centric design to ensure
that end-users feel confident and secure in their interactions with GenAl systems [41].

2.4. Shifting the Focus to Ethical Implications

After conducting a systematic review, the ethical implications were extracted, analyzed,
and grouped into the following categories:

(i) Copyrights and Authorship: With the rapid advancement of GenAl tools, distin-
guishing between content purely generated by Al, content co-created with Al, and content
created by humans has become increasingly challenging. This complexity disrupts tra-
ditional concepts of originality and creativity, raising fundamental questions about the
application of copyright frameworks originally developed for human authorship, as only
humans can be legally responsible for their creations. Per Sandiumenge [47] (p. 71), “Law-
suits have been filed not only alleging that Al is being trained on datasets that contain
copyrighted materials without asking their rightsholders for permission to use them (which
would result in copyright infringement) but also alleging that the Al-generated works are
derivatives from the works used to train the AI”. Another grey area and common question
that arises is whether GenAl tools can be credited as co-authors. While the postdigital
approach and some scholars like O’Connor [48] and Jinag et al. [49] underscore the en-
tangled nature of agency and co-authorship while advocating for recognizing Al tools
as co-authors and emphasizing a human-machine collaborative approach, others argue
that attributing GenAl tools as authors does not diminish human accountability for the
outputs and responsibility for the final content [50]. Furthermore, some researchers firmly
reject the idea of naming large language models (LLMs) as authors or even mentioning
them in acknowledgments, arguing that LLMs lack free will and cannot be held morally
or legally responsible for their outputs. Instead, they emphasize that Al tools should be
cited in-text like any other software or tool, followed by a reference in the bibliography [51].
Dwivedi et al. [52] shed light on unnamed authors who trained the Al algorithms and
claimed that their contributions are often overlooked. There are numerous potential chal-
lenges associated with violating copyrights and authorship when using Generative Al
(GenAl) tools in the academic environment. For instance, students may misuse Al to falsely
present Al-generated content as their own effort and knowledge [5]. Among researchers,
attribution and copyright issues can lead to confusion and the fear of obscuring human
intellectual input when facing dilemmas on how to credit Al for translation to foreign
languages (primarily for publishing in international journals), enhancing vocabulary and
grammar, or using GenAl tools for a summary of their original content which will still
be detected as Al-generated. Teachers also face multiple challenges, not only related to
professional use for producing teaching materials and tasks but also for the evaluation of
students” assignments—particularly in distinguishing between work genuinely created by
students and that which was co-authored or entirely generated by GenAL
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(ii) Transparency: This is closely related to authorship, fairness, and openness regard-
ing the use of GenAl tools for creating or enhancing the content in an academic environment.
For example, some challenges might occur if teachers are using GenAl tools for evaluating
the quality of student essays and assignments. As many large language models (LLMs)
lack explainability due to their complex architecture, it remains unclear and difficult to
understand how outputs are generated, which may lead to bias and inequality in the
decision-making process. Another example might include the transparency of researchers
while conducting research and creating papers for publishing in academic journals. Frank
et al. [53] examine and compare multiple international publishers’ guidelines on the attri-
bution of GenAl tools in papers. While all of them share a unique standpoint that full Al
authorship is not allowed, the majority allow textual enhancements (e.g., for readability
and language) but discourage the use for image generation (with the exception of explicit
permission from the editors). Focusing only on transparency requirements, the majority
of publishers require that Al assistance is attributed in the Methods or Acknowledgement
section; a declaration or statement of GenAl tools usage or, in some cases, full disclosure of
the prompt and Al tool details (name and version) is noted.

(iii) Responsibility: Unlike the transparency implications, which are more informa-
tional and procedural and focus on trust, disclosure, and communication about Al’s con-
tribution to academic tasks, responsibility pertains to ethical and accountable use while
emphasizing the ownership of actions, outputs, and consequences. Responsibility is more
subjective and relies on individuals’ interpersonal and moral beliefs in order for them
to be accountable for their work and maintain academic integrity. While discussing the
responsible use of GenAl tools aligned with ethical and societal values and expectations,
Malik et al. [54], like many other scholars [5,42], emphasize the need to develop clear poli-
cies and guidelines that all academic segments should be aware of, as well as to highlight
potential challenges and conduct regular evaluations and audits of Al systems. Respon-
sibility is closely tied to and intersects with authorship and copyright issues. As noted
by Bozkurt [50], citing the US Copyright Office, GenAl programs’ outputs lack copyright
regulation, placing the primary responsibility for the content on the human author, who
should be fully accountable and transparent about their use.

It is important to stress that ethical challenges and responsibility in GenAl tool use
are not solely limited to students. The growing pressure on scientists to produce more
publications to sustain and progress in their academic careers, a phenomenon widely
known as “publish or perish” [55], has raised concerns over “Al-generated mass output
rather than work that is innovative or informed by social values and priorities” [56]. Studies
have found that researchers in highly competitive environments, including China [57,58],
have turned to Al to meet publication quotas, raising questions about the authenticity and
depth of Al-assisted work. This practice undermines academic integrity and contributes
to the proliferation of low-quality or duplicate research, making it difficult to distinguish
quality work from Al-generated work. Without regulation, the overuse of Al in mass-
producing papers can potentially generate multiple ethical issues, including unattributed
Al authorship, plagiarism, and the dissemination of misinformation [56,59]. Although Al
can help researchers write and brainstorm, its misuse in academic environments results in
a surge of poor studies, which makes it harder to distinguish between proper research and
Al-generated content. Academic institutions must adopt stricter policies around using Al
in research, emphasizing ethical use and maintaining scholarly standards to counteract this
trend. If left unchecked, the Al-driven “publish or perish” culture could destabilize the
credibility of academic discourse and erode public trust in scientific research.

(iv) Academic integrity: The International Center for Academic Integrity (ICAI) de-
fines academic integrity as a “commitment, even in the face of adversity, to six fundamental
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values: honesty, trust, fairness, respect, responsibility, and courage” [60]. With the advent
of Generative Al, which contributes to effectiveness and efficiency in performing a wide
range of academic tasks, there is also growing concern that pillars of ethical academic
practices may be at risk [50,61] due to misuse in the form of academic misconduct and pla-
giarism [62]. Therefore, some authors suggest deploying new tools that analyze academic
texts that do not meet academic standards due to low quality, inauthenticity, unreliability
of the citation process, or non-adherence to scientific methodologies. Other research [63]
has demonstrated that students are often concerned about breaching academic rules and
regulations, as many of them fear they cannot fully comply due to a lack of understanding
about proper citation and referencing practices. As technology evolves, the rapid advance-
ment of sophisticated writing tools that manipulate language for various purposes will
further complicate this landscape [64]. This dilemma highlights the need for institutions to
provide clearer guidelines and support mechanisms, like hands-on training and education,
to facilitate students’ navigation through Al-assisted writing [65]. Previous research [64,66]
emphasized that “training has shown to be an effective intervention in reducing academic
integrity violations, so they present one of the most important interventions available”.
Along with practical trainings, authors suggest that “institutions must commit to a con-
tinuous dialogue on ethical practices, keeping pace with the evolving capabilities of Al
in order to safeguard the foundational principles that are challenged in the new digital
age” [5] (p. 7).

Ethical implications often involve legal considerations, such as compliance with copy-
right laws and academic integrity policies [32,67], which makes them of primary importance
to institutions, regulators, and society at large [68]. The rationale for the division between
ethical implications and user trust is to acknowledge a specific set of ethical concerns emerg-
ing in AIED, address the complexity and differences among HEIs" academic segments, and
shed light on academic integrity—one of the core principles shaping this topic. Therefore,
this paper aims to examine and empirically test the influence of ethical challenges on
GenAl tool adoption and use among the academic community while comparing students’,
teachers’, and researchers’ perspectives.

The specific research questions that will be addressed are as follows:

RQ1: How do perceptions of the ethical implications of using Generative Al tools
differ across academic roles in HEIs?

RQ2: To what extent does understanding the ethical implications of Generative Al
tools depend on gender?

RQ3: How does the duration of Generative Al tool usage affect users” understanding
of ethical principles, personal responsibility, and potential negative consequences?

RQ4: What is the impact of ethical implications on the adoption and future use of
Generative Al tools in HEIs?

The following hypotheses will be empirically tested:

H1: Teachers and researchers have a higher understanding of ethical principles, personal responsi-
bility, and the potential negative consequences of Generative Al tool usage compared to students.

Academic roles influence the understanding of ethical implications such as copyright,
authorship, responsibility, and academic integrity within the context of Al technologies.
This assumption is grounded in the observation that teachers and researchers in higher
education institutions (HEIs) are often more actively engaged in ethical discussions and
policy formation through participation in conferences, institutional initiatives, and profes-
sional working groups. Such engagement provides them with broader exposure to these
challenges, shaping their awareness and understanding of ethical issues. Prior research
underscores the connection between professional experience and ethical decision-making in
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the use of technology, suggesting that individuals with more exposure are better equipped
to navigate ethical dilemmas. Therefore, teachers and researchers, due to their distinct
roles and responsibilities, are particularly sensitive to concerns like plagiarism, intellectual
property rights, and ensuring transparency in scholarly outputs. Some authors claim that
they should “play a critical role in introducing professional codes of ethics, cultivating
critical thinking and ethical reasoning which is transferable across different professional
contexts” [69] (p. 64).

H2: Gender influences the understanding of ethical implications, with female users demonstrating
greater awareness of ethical principles, personal responsibility, and the potential negative conse-
quences of GenAl tool usage.

The second hypothesis relies on documented gender-based differences in ethical aware-
ness. Previous research found that women have higher, more steadfast ethical standards
and act more ethically than men in a variety of behavioral realms [70,71]. Likewise, there
are studies that show the positive impact of female leadership (e.g., institutional boards) on
performance and ethical and social compliance [72].

H3: Users using Generative Al tools for a longer time exhibit a higher understanding of ethical
implications than users who use them for a shorter time.

The prolonged use of GenAl tools, like ChatGPT, Microsoft Copilot, and Gemini allows
users to gain deeper insights into their capabilities and limitations, which enhances their
understanding of and navigating through certain ethical implications. Familiarity with
tools through regular interaction provides users with a practical framework to evaluate
ethical principles and personal responsibility through crediting Al-generated content (copy-
rights and authorship), acknowledging potential biases (transparency), and understanding
the consequences of handling sensitive or confidential data (e.g., student’s personal or
institutional data) and misuse (responsibility). Previous studies [73] have suggested that
repeated exposure to technology encourages users to reflect on their actions and adapt their
behaviors to align with ethical norms.

H4: Higher awareness of ethical implications positively correlates with intentions of adoption and
future usage of Generative Al tools in HEIS.

Users’ perceptions of ethical alignment with societal norms and individual values
directly affect whether users view GenAl tools as acceptable for their tasks. Relying on
frameworks and rationale from user acceptance theories, such as the Theory of Planned
Behavior (TPB) [74], awareness and knowledge influence users’ perceived behavioral
control, a key factor in behavioral intention. From a behavioral perspective, an awareness
of ethical implications reduces perceived risks and uncertainties, enabling users to adopt
GenAl tools confidently and responsibly. Moreover, ethical awareness fosters trust, which
is one of the crucial factors in technology adoption [75]. When users are aware of ethical
implications, such as copyright and authorship, transparency, and responsibility to maintain
academic integrity, and feel confident that they can navigate these implications, they are
more likely to feel in control and empowered to use these tools responsibly.

3. Materials and Methods

This research employed a quantitative research design, utilizing an online question-
naire as the primary data collection instrument. The questionnaire was created using
Google Forms and was disseminated during February and March through official email



Informatics 2025, 12, 36

9 of 22

lists and the Moodle-based learning system “Merlin” to reach the entire academic popula-
tion at University North in Croatia. To ensure the reliability and validity of the instrument,
a pilot study was conducted with a small subset of respondents, and questions were
refined according to their feedback. Participants were categorized into three different aca-
demic segments, treated as independent samples for analysis: (1) undergraduate students,
(2) graduate students, (3) doctoral students, and (4) teachers and researchers. It is important
to note that doctoral students were also included as respondents of the questionnaire;
however, the sample size (1 = 26) was too small, and the statistical analysis of their results is
presented as one of the study’s limitations. Considering the overall population of students
at University North, nearly 20% of active students and around 30% of active teachers
participated in this survey. To ensure respondent authenticity and eligibility, the Single
Sign-On (SSO) feature in Google Forms was utilized, requiring credentials specific to the
higher education institution (HEI). There was no need for further exclusions since partici-
pants joined with their official email addresses, and there were no answers from non-uni
members. Data analysis was performed using the IBM SPSS Statistics 29.0.2 software for a
comprehensive statistical examination of the results.

4. Research Results

The analysis centered on the ethical implications of adopting GenAlI tools, such as
ChatGPT, Microsoft Copilot, and Gemini, by examining how their adoption is influenced
and shaped by individual factors such as age, gender, and academic role (as shown in
Table 1). The results present variations among different academic subgroups on topics like
understanding potential negative consequences, personal user responsibility, and aware-
ness of ethical principles. The discussion aims to contextualize the observed differences in
perceptions within the framework of broader social and technological trends to conclude
that these findings that can inform guidelines for developing strategies to address the
complexities of integrating GenAl tools into academic environments.

Table 1. Socio-demographic structure of respondents.

Questions % N
1. Gender

Male 44.1% 389
Female 55.90% 494
2. Age group

>18 0% 0
18-25 71.10% 628
26-35 11.00% 97
36-45 8.10% 71
46-55 7.00% 63
56-65 2.30% 20
66+

3. Academic segment/role at the university

Teachers and researchers 10.80% 95
Undergraduate students 69.90% 617
Graduate students 16.40% 145
Doctoral study 2.90% 26

4. Year of study

0 10.40% 92
1 35.90% 317
2 34.70% 306
3 19.00% 168
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This study included 883 respondents to examine the perception and use of Gener-
ative Al tools. The sample was structured based on key demographic and academic
characteristics, such as gender, age, role at the university, and year of study. The socio-
demographic structure of respondents was comprised of 55.9% women (N = 494), while
men accounted for 44.1% (N = 389) of the sample. Most respondents, 71.1% (N = 628), were
18 to 25 years old. Participants aged 26 to 35 years represented 11.0% (N = 97), while 15.1%
were between 36 and 55 years. Only 2.3% (N = 20) were over 55 years old, and there were no
participants under 18 or over 65 years old. Undergraduate students constituted the largest
portion of the sample, representing 69.9% (N = 617), followed by graduate students at 16.4%
(N = 145) and doctoral students at 2.9% (N = 26). Teachers and researchers accounted for
10.8% (N = 95), reflecting a diverse yet student-centered sample. Distribution by year of
study showed a strong presence of younger students, with first-year students making up
35.9% of the sample (N = 317) and second-year students close behind at 34.7% (N = 306).

The analysis of descriptive statistics and Kolmogorov-Smirnov (K-S) test results
provides an overview of perceptions related to ethical implications, personal responsibility,
and the potential negative consequences of using GenAl tools in the academic environment.
The average values for the three items—"I understand the potential negative consequences
of using GenAl tools”, “I am aware of my responsibility as a user of GenAl tools”, and “I
understand the ethical principles of using GenAl tools”—ranged between 3.62 and 3.68,
indicating a moderate level of awareness among respondents (Table 2).

Table 2. Descriptive statistics and the Kolmogorov-Smirnov test on the role and significance of the
use of GenAl tools in the student population and the academic community.

Descriptive Statistics The Kolmogorov-Smirnov Test
Results N Min Max Avg Std Dev cv Statistics p-Value
“Iunderstand the
potential negative 883 1.00 5.00 3.68 1.138 1318 0.161 0.000
consequences of using
GenAl tools”
“I'am aware of my
responsibility as a user 883 1.00 5.00 3.68 1.136 1.318 0.125 0.002
of GenAl tools”
“Tunderstand the
ethical principles of 883 1.00 5.00 3.62 1.336 1.336 0.261 0.003
using GenAlI tools”

However, the relatively high standard deviations (1.136-1.336) and coefficients of
variation (above 1.0) suggest considerable variability in responses. Understanding ethical
principles showed the highest relative variability (CV = 36.89%) among respondents, indi-
cating less consistency in their understanding and perceptions. The Kolmogorov—Smirnov
test results showed that responses for all three items deviated significantly from a normal
distribution (p-values < 0.05), which reflects the diverse perspectives and heterogeneity in
the sample.

Table 3 provides an analysis of understanding the potential negative consequences
of GenAl tool usage and its correlation with multiple factors, such as tool usage duration,
academic role, and gender. When dividing per academic role, the participants’ responses
were grouped into two categories: (i) students that included undergraduate (UGS), grad-
uate (GS), doctoral students (DS); and (ii) teachers and researchers. The data indicate
that the use of GenAl tools was similar among both groups—students, teachers, and re-
searchers. As highlighted above, the sample size (n = 26) of doctoral students alone was
too small to be analyzed as an individual category, but their responses were integrated
into the “students” group. Short-term use (up to three months) was observed among
13.38% of students and 12.71% of teachers and researchers, while the majority in both
groups (over 86%) had been using the GenAl tools for more than three months (86.62%
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of students and 87.29% of teachers and researchers) which concludes that usage does not
depend on academic role. However, the academic role does impact the understanding of
potential negative consequences while using GenAl tools because teachers and researchers
(58.91%) indeed showed a better understanding compared to students (41.09%). This
correlation is statistically significant and supported by the Chi-square test, which yielded a
p-value < 0.000.

Table 3. Chi-square: the influence of GenAl tools usage duration and user’s academic role and gender
on understanding the potential negative consequences of usage.

Academic Role Gender
Duration of GenAl Tools Usage  Students (UG, Teachers Mal F 1
GS, DS) Research. ale emale
>3 months n% 13.38% 12.71% 24.69% 9.81%
Understanding <3 months n% 86.62% 87.29% 75.31% 90.19%
of potential N " o o o
negative Total n% 41.09% 58.91% 21.98% 78.02%
consequences Chi-square 26.43 23.27
() (<0.000) (<0.000)

Gender differences also emerged as a significant factor in the perception of potential
negative consequences of GenAl tool usage. Females, regardless of academic role, were
more likely to understand negative consequences (78.02%) compared to males (21.98%).
The Chi-square test showed a p-value of 0.023, which indicates a significant association
between gender and the perception of potential negative consequences of using GenAl
tools. Users who had used them for more than three months showed greater awareness of
possible risks than those who had used them for a shorter period (9.81%).

The analysis in Table 4 combines the Chi-square (x?) test with descriptive statistics to
explore the relationship between users” awareness of personal responsibility while using
GenAl tools with the duration of use, academic role (teachers/researchers and students),
and gender. The results demonstrate a statistically significant relationship between aca-
demic role and the awareness of personal responsibility (x> = 26.39, p < 0.000). Teachers and
researchers showed significantly higher levels of awareness (65.32%) compared to students
(34.68%). However, the relatively high awareness of personal user responsibility among
students with more than three months of experience (89.98%) suggests adaptability among
younger users. Gender showed a highly significant correlation with user personal respon-
sibility (x> = 24.2, p < 0.000). Females again exhibited much higher levels of awareness
(81.12%) compared to males (18.88%).

Table 4. Chi-square: the influence of GenAl tools usage duration and user’s academic role and gender
on awareness of personal responsibility while using GenAlI tools.

Academic Role Gender
Length of GenAl Tools Usage Students Teachers
(UG, GS,DS)  Research. Male Female
>3 months n% 10.02% 12.09% 22.13% 6.24%
Awareness of <3 months n% 89.98% 87.91% 77.87% 93.76%
user Total n% 34.68% 65.32% 18.88% 81.12%
responsibility
Chi-square 26.39 242
») (<0.000) (<0.000)

The results from Table 5 indicate a highly significant relationship between academic
role and understanding of ethical principles (x> = 18.26, p < 0.000). Teachers and researchers
(72.71%) demonstrated much higher understanding and awareness compared to students
(27.29%). Additional explanation as to why doctoral students, grouped as “students” with
undergraduate and graduate level students, do not display higher ethical awareness might
be the sample structure and small number of respondents, which is listed as one of this
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study’s limitations. Gender differences show that females had a slightly higher under-
standing of ethical principles. However, when using tools over 3 months, their results
became very similar, which indicates that gender disparity is less prominent with pro-
longed use. Chi-square test results indicated statistically significant differences (x> = 21.39,
p < 0.000) in this category, meaning that gender has a notable impact on understanding
ethical principles in Al technology usage.

Table 5. Chi-square: the influence of GenAl tools usage length and user’s academic role and gender
on understanding of the ethical principles while using GenAlI tools.

Academic Role Gender
L h of Al Tool:
ength of Gen ools Usage Students 'll;eachers Male Female
esearch.
>3 months n% 9.16% 14.27% 20.91% 21.22%
Understanding <3 months n% 90.84% 85.73% 79.09% 78.78%
of ethical Total n% 27.29% 72.71% 24.47% 75.73%
principles
Chi-square 18.26 21.39
») (<0.000) (<0.000)

The analysis of pairwise correlations and the results of Pearson correlation coefficients
(Table 6) highlight interrelationships between observed variables. Strong positive correla-
tions are observed between understanding potential negative consequences, an awareness
of user responsibility, and an understanding of ethical principles in using GenAlI tools.
Notably, the correlation between awareness of user responsibility and understanding of
ethical principles is the strongest at 0.874, reflecting a close relationship.

Table 6. Posterior distribution characterization for pairwise correlations: the influence of ethical
implications (understanding potential negative consequences, personal user responsibility, and ethical
principles) on the prediction of future GenAl tools usage.

Posterior Distribution Characterization for Pairwise Correlations *

Underst. of Awareness of Understanding
Negative User of Ethical
Consequen. Responsibility Principles
Mode 0.844 0.824
Posterior Mean 0.844 0.823
Understanding of
potential Variance 0.000 0.000
negative . Lower Bound 0.825 0.802
consequences 95% Credible
Interval Upper Bound 0.863 0.844
N 0.883 0.883 0.883
Mode 0.844 0.875
Posterior Mean 0.844 0.874
Awareness of Variance 0.000 0.000
user
responsibility 95% Credible Lower Bound 0.825 0.858
Interval Upper Bound 0.863 0.889
N 0.883 0.883 0.883
Mode 0.824 0.875
Posterior Mean 0.823 0.874
Understanding of Variance 0.000 0.000
thical principl
ethical principles 95% Credible Lower Bound 0.802 0.858
Interval Upper Bound 0.844 0.889
N 0.883 0.883 0.883

1 The analyses assume reference priors (c = 0).

The reliability analysis of measurement instruments is essential for understanding
the consistency and validity of variables that assess different aspects of user perceptions
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and behaviors regarding generative artificial intelligence (GenAl) tools. This analysis,
presented in Table 7, included four variables: the frequency of use of GenAl tools and
an understanding of possible negative consequences when using them, an awareness of
user responsibility, an understanding of ethical principles of GenAl tool usage, and the
prediction of future use of these tools. Reliability was assessed using Cronbach’s Alpha,
the Spearman—Brown coefficient, and the Guttman Split-Half coefficient.

Table 7. Reliability analysis of measuring instruments: Cronbach’s Alpha, Spearman-Brown, and
Guttman coefficients.

Reliability Statistics
Part 1 Value 0.876
N of Items 22
Cronbach’s Alph .
ronbach’s Alpha Part 2 Value 0.678
N of Items 2b
Total N of Items 4
Correlation Between Forms 0.723
Spearman-Brown Coefficient Equal Length 0.839
Unequal Length 0.839
Guttman Split-Half Coefficient 0.829

a. The items are as follows the frequency of GenAl tools usage and an understanding of possible negative
consequences/ /an awareness of user responsibility. b. The items are as follows: an understanding the ethical
principles of GenAl tools usage/ /the prediction of future use.

The results revealed significant differences in consistency between two subsets of
variables. The first subset, which includes understanding the possible negative conse-
quences and an awareness of user responsibility, demonstrated high internal consistency
with a Cronbach’s Alpha of 0.876. This result indicates that these two variables are closely
interrelated and assess aspects of the responsible use of GenAl tools together. The strong
correlation suggests that users who are aware of the potential risks of using GenAlI tools
also acknowledge their responsibility to manage these risks. The second subset, which
includes understanding ethical principles and predicting future use of GenAlI tools, showed
a slightly lower Cronbach’s Alpha value of 0.678 but was still reliable enough to draw
conclusions. This weaker correlation suggests that understanding ethical principles does
not necessarily influence predictions about the long-term use of these tools. Users may
recognize ethical implications but fail to connect this awareness with their attitudes toward
future usage. Overall, the instrument demonstrates strong reliability, with a correlation
between the forms of 0.723, a Spearman—Brown coefficient of 0.839, and a Guttman co-
efficient of 0.829. These findings suggest that the instrument effectively measures user
awareness of responsibility and potential harms but highlight the need for further research
and the possible refinement of the second subset to better align ethical understanding with
behavioral predictions.

Table 8 provides the results of an Analysis of variance (ANOVA) with Cochran’s test,
which evaluates variability between and within subjects to determine whether signifi-
cant differences exist in the responses. ANOVA analyzes overall variability by separating
it into “between people” (differences between individuals) and “within people” (differ-
ences between items or questions for the same individual). Cochran’s test, applied in
the context of within-trial variation, helps assess whether the variability between items
is significant. Together, these methods provide insights into how responses vary across
individuals and within each respondent’s answers. The results show a Sum of Squares
(2717.136) for “Between People”, reflecting the total variability between respondents, such
as differences between subgroups (e.g., undergraduate, graduate, and doctoral students
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and teachers/researchers). This high value indicates significant variability among individ-
uals, which is expected given the diversity of the respondent groups. The Sum of Squares
(3.310) for “Between Items” shows the total variability across items, and the corresponding
Cochran’s Q (6.413) with a significance value of 0.093 suggests that the variability between
items is not statistically significant. These findings indicate that while responses vary
significantly between individuals, the instrument shows consistency across items. The
grand mean value of 3.63 summarizes the average response, helping contextualize the
variability results. Overall, this analysis highlights inter-subject differences and the relative
consistency of the instrument in measuring the intended constructs.

Table 8. Analysis of variance (ANOVA) with Cochran’s test for variability between items and

individuals.
ANOVA with Cochran’s Test
Source of Variance Sum of df Mean Cochran’s Sig
Squares Square Q
Between People 2,717,136 882 3081
Between Items 3310 3 1103 6413 0.093
Within People Residual 1,363,940 2646 0.515
Total 1,367,250 2649 0.516
Total 4,084,386 3531 1157

Grand Mean = 3.63

5. Discussion

This study included 883 respondents, and the sample was structured based on key
demographic and academic characteristics, such as gender, age, role at the university, and
year of study. The socio-demographic structure of the respondents (Table 1) revealed a
clear dominance of younger respondents in the study, with 71.1% of participants aged 18 to
25 years. This trend aligns with the expected demographic structure of higher education
institutions, where undergraduate students form the largest proportion of the population.
The slight overrepresentation of female participants (55.9%) may reflect broader trends in
academia, where female students often outnumber their male colleagues. The inclusion of
teachers and researchers (10.8%) ensured multiple perspectives of the ethical implications of
GenAlI tool usage in academic settings. The distribution by year of study also highlights the
predominance of undergraduate students (70.6% first- and second-year students combined).
This suggests that the findings are influenced by a demographic that is likely to have less
experience with using Al for advanced research and academic purposes, potentially shaping
their perceptions of the ethical implications while using GenAl tools.

The results of descriptive statistics and the Kolmogorov-Smirnov (K-S) test provided
an overview of perceptions related to ethical implications, personal responsibility, and
the potential negative consequences of using GenAl tools in the academic environment
(Table 2). The average scores for understanding the potential negative consequences (3.68),
an awareness of personal responsibility (3.68), and an understanding of ethical principles
(3.62) indicate a moderate level of awareness across the sample. However, the standard
deviations (1.136-1.336) and coefficients of variation (above 1.0) highlight considerable
variability in responses, suggesting the significant differences in understanding among
participants. The highest relative variability was observed in the understanding of ethical
principles (CV = 36.89%), indicating less consistency in respondents” awareness. This vari-
ability points to diverse interpretations of ethical principles and underscores the challenges
of achieving a shared understanding of ethics in GenAl tool usage, which supports the
findings from the existing literature. The Kolmogorov—-Smirnov test results also showed
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significant deviations from normal distribution for all three implications, which highlights
the heterogeneity in respondents’ perceptions. These findings suggest the need for tar-
geted educational initiatives to address inconsistencies in understanding ethical principles,
potential negative consequences, and the role of personal responsibility in technology
usage.

The findings strongly support the first hypothesis, H1. Teachers and researchers dis-
play a significantly higher awareness of ethical principles (72.71%), personal responsibility
(65.32%), and the potential negative consequences of GenAl tool usage (58.91%) compared
to students (27.29%, 34.68%, 41.09%, respectively). These differences are statistically sig-
nificant (p < 0.000), as shown in Tables 3-5. The given results can be attributed to their
professional roles, which involve guiding students, ensuring academic integrity, and partici-
pating in multiple discussions about transparency, authorship, and ethical considerations in
technology use. Students, particularly undergraduates, showed lower levels of awareness
of ethical implications, likely due to limited exposure to structured ethical training or a lack
of experience with advanced use of tools for research and scholarly purposes. However, stu-
dents showed adaptability through increased awareness of personal responsibility within
three months of GenAl usage (>89%, Table 4), which indicates that targeted interventions
can effectively address this gap.

The findings from this research also confirmed the second hypothesis, H2. Gender
differences were significant across all dimensions of ethical implications. Females demon-
strated a consistently higher understanding of ethical principles (Table 5) and an awareness
of personal responsibility (Table 4) and potential negative consequences (Table 3) compared
to males (p < 0.000 in all cases). For example, females’ understanding of negative conse-
quences was 78.02%, compared to males’ understanding at 21.98%, and their awareness of
personal responsibility was 81.12%, compared to 18.88% for males. These results suggest
that cognitive or societal factors may drive enhanced ethical awareness among females.

The third hypothesis (H3) assumed that users with longer experience in GenAlI tool
usage have a higher understanding of ethical implications than those with a shorter usage
duration; this was supported by findings across all dimensions—an understanding of
ethical principles (Table 5), personal responsibility (Table 4), and negative consequences
(Table 3). Respondents who had used GenAl tools for more than three months consistently
demonstrated higher awareness compared to those with shorter experience. For instance,
90.19% of females with over three months of experience understood potential negative
consequences compared to 9.81% of females with less than three months of experience.
Similarly, students and teachers with longer usage exhibited greater awareness, underscor-
ing the importance of experience in shaping their understanding of ethical implications.
These results suggest that familiarity and hands-on experience with the tools contributes to
a deeper understanding of their ethical and societal impacts.

The results provided only partial support for H4. Strong positive correlations were
observed between understanding potential negative consequences, an awareness of user
responsibility, and an understanding of ethical principles in using GenAl tools (Tables 6
and 7). The strongest relationship (r = 0.874) was between an awareness of personal
responsibility and an understanding of ethical principles, suggesting a close connection
between these dimensions of ethical implications. These findings indicate that fostering
ethical awareness, particularly by emphasizing user responsibility and an understanding
of ethical principles, could play a significant role in cultivating a reinforcing cycle of ethical
behavior. Education on ethical implications should focus on these interconnections to build
a stronger foundation for the responsible use of GenAl tools.

However, the correlations between these ethical dimensions and the prediction of
future GenAl tool use were weaker, suggesting that while ethical awareness contributes to
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shaping user attitudes, it may not be the primary factor that influences adoption behavior.
This aligns with the findings from ANOVA and Cochran’s test (Table 8), which revealed sig-
nificant variability between individuals (Sum of Squares = 2717.136), indicating diverse user
perspectives and motivations. These findings underscore the complex nature of technology
adoption, which is influenced by a combination of cognitive, emotional, and contextual
factors [76]. Established technology acceptance models, such as TAM [77], UTAUT [78], and
UTAUT?2 [79], highlight the necessity of integrating multiple factors—such as performance
expectancy, effort expectancy, social influence, facilitating conditions, hedonic motivation,
price value, and habit—to fully explain why some individuals adopt specific technologies
while others do not. Consequently, ethical considerations (e.g., copyright and authorship,
transparency, responsibility, and academic integrity), which are particularly central in aca-
demic contexts, should be examined in conjunction with these broader factors. Extending
existing models to incorporate ethical dimensions may provide a more comprehensive
understanding of the factors influencing GenAl adoption in higher education.

6. Limitations

This study has several limitations that should be considered when interpreting the
findings. Considering the overall population of students at University North, nearly 20%
of active students and around 30% of active teachers participated in this survey, forming a
database of 883 respondents. However, the uneven distribution of academic levels may
affect generalizability. First, the sample size of doctoral students was relatively small
(n = 26), which precluded the independent analysis of their responses. Consequently, their
influence on findings from the much larger undergraduate and graduate samples may be
limited. Likewise, all doctoral candidates in this study belonged to the same study program
at University North, which may have shaped their perspectives. Their research-oriented
focus and frequent use of Al tools for data analysis and automation could lead to different
views on Al tools” usefulness and ethics in academic settings.

While the sample size was sufficient, all participants, as a source of survey data,
came from a single institution, consequently limiting the generalizability of the findings.
Institutional policies, academic culture, and even geographic context may significantly
influence participants’ perceptions of GenAl and related ethical issues. Expanding future
research to include more universities with different profiles or diverse cultural contexts
would enhance the applicability of the findings. Additionally, the survey could capture
a deeper and more nuanced understanding of participants’ ethical perceptions (within
different dimensions), allowing for the translation of findings into actionable insights for
educators and policymakers. Based on the previous point, addressing factors such as
institutional policies or peer influence would provide greater clarity on whether external
pressures shape adoption decisions more than ethical considerations. The current findings
suggest that peer influence plays a dominant role in the absence of clear policies, but further
research is needed to explore the extent of this effect.

Considering this study’s results and findings, future works are recommended to
investigate whether the weak correlation between ethical awareness and Al adoption
suggests that ethical awareness alone is insufficient to drive behavior change. A mix of
more factors may drive such decisions in an educational environment. Finally, the research
instrument, initially written in English and later translated into Croatian to facilitate
dissemination within the target population, may have introduced subtle differences in
interpretation or phrasing. While careful attention was given to the translation process,
future studies should address potential differences and consider further elaboration and
rephrasing to ensure consistency across languages and contexts.
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7. Conclusions

This study provides important insights into the awareness and understanding of
the ethical implications of Generative Al tool usage in higher education institutions. The
findings reveal significant differences in awareness based on academic role, gender, and
experience with GenAlI tools, which might serve as valuable implications for creating
institutional policies and frameworks regarding the use of Al technology in educational
settings.

Teachers and researchers demonstrated higher levels of awareness across all ethical
dimensions (an awareness of potential negative consequences, personal responsibility, and
understanding of ethical principles) compared to students. Their professional experience
and roles, which involve guiding academic integrity and addressing risks like plagiarism,
authorship, and maintaining academic integrity, contributed to their increased understand-
ing. On the other hand, students, particularly undergraduates, showed lower awareness
levels, which might result from limited exposure to courses and guidelines that help them
develop critical thinking and ethical reasoning. However, the adaptability of students, evi-
denced by their development of personal responsibility with prolonged GenAl tool usage
(over 3 months), underscores the potential of early and structured educational programs.
Supported by previous studies, gender also emerged as a significant factor, with female
respondents consistently demonstrating greater awareness of ethical principles, personal
responsibility, and risks compared to male colleagues. This finding highlights the need for
gender-sensitive approaches to ethical education, particularly for male users, who showed
consistently lower awareness levels.

Experience with GenAl tools was a strong predictor of higher ethical awareness,
reaffirming the role of familiarity and hands-on use in fostering deeper understanding.
Respondents with longer usage demonstrated greater awareness of ethical principles, per-
sonal responsibility, and potential risks. These findings underscore the importance of
integrating practical exposure to GenAl tools into academic curricula. Early exposure,
combined with structured education, can help all academic segments to develop a deeper
understanding of their responsibilities when using these tools to enhance their academic
tasks and performance. The results of this study highlight the importance of targeted
and tailored training programs, such as workshops and case studies focused on trans-
parency, authorship, responsibility, and academic integrity, which could effectively enhance
understanding and address gaps in ethical awareness, particularly among students.

Future research should prioritize exploring and empirically testing challenges unique
to the academic environment, such as user trust in the accuracy of generated content,
privacy, safety, and the non-maleficence of Al systems. As indicated by the findings of
this study, the field of Artificial Intelligence in Education (AIED) would benefit from
empirical studies that incorporate multiple factors specific to educational settings within
the framework of established and widely used technology acceptance models. Future
research should also consider differences between academic disciplines, as ethical concerns
with Al tools likely vary across fields. For instance, STEM researchers may be more
concerned with data accuracy and reproducibility, while those in the humanities may
prioritize originality, authorship, and the implications of Al-generated content on creative
work. Addressing these discipline-specific perspectives could offer a holistic overview
and help shape more targeted guidelines and insights for various academic communities.
Considering the limitations of this study and data collection within a single institution,
future studies should include universities with different institutional profiles and cultural
contexts. This would allow researchers to assess whether Al-related ethical concerns and
adoption trends vary or remain consistent across educational settings. Insights derived
from these studies, when combined with an understanding of ethical considerations, could
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