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ABSTRACT 
Aim/Purpose To examine how ethical awareness, cognitive appraisal (trust and perceived use-

fulness), digital competence, academic performance, and gender influence uni-
versity students’ ethical use of ChatGPT and academic integrity. 

Background This study explores how university students’ use of ChatGPT influences aca-
demic integrity in higher education. It responds to emerging integrity challenges 
posed by generative AI by empirically testing a model that links transparency, 
plagiarism avoidance, bias awareness, and responsible use to academic integrity 
outcomes across universities in the Gulf region. 

Methodology PLS-SEM analysis of survey data from 318 students across five Gulf-region uni-
versities; tests direct effects of four ethical variables, mediation by trust in AI 
and perceived usefulness, and moderation by digital literacy and CGPA. 

Contribution This study provides empirical evidence that core ethical-use dimensions signifi-
cantly enhance academic integrity; clarifies the mediating roles of trust/useful-
ness and the moderating roles of digital literacy/CGPA; and documents gender 
and discipline differences in usage. 

Findings All four ethical variables positively and significantly predict academic integrity: 
Trust in AI and perceived usefulness act as partial mediators. Digital literacy and 
CGPA significantly moderate several relationships. High-performing and senior 
students report more frequent and effective use of ChatGPT; gender and disci-
pline differences are evident. 
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Recommendations  
for Practitioners 

Embed digital literacy and ethical-AI training (transparency, anti-plagiarism, bias 
awareness, responsible use) into curricula; implement inclusive AI policies; and 
guide trust calibration and verification workflows to support responsible use. 

Recommendations  
for Researchers  

Extend the model across countries and disciplines; examine longitudinal effects; 
test additional mediators (e.g., AI anxiety, institutional policy clarity) and mod-
erators (e.g., year of study, assessment type); compare alternative SEM and 
causal designs. 

Impact on Society Promotes responsible AI adoption that safeguards academic ethics, supports 
equitable student outcomes, and informs policy for trustworthy AI use in higher 
education ecosystems. 

Future Research Conduct multi-institutional replications, experimental interventions on eth-
ics/digital literacy training, and studies of assessment design that balance AI use 
with integrity (e.g., oral/ authentic assessments). 

Keywords artificial intelligence, academic integrity, ChatGPT, Gulf universities, PLS-SEM, 
student ethical responsibility, transparency, plagiarism avoidance, bias aware-
ness, AI trust, digital literacy, AI usefulness, responsible use 

INTRODUCTION  
BACKGROUND 
The rapid integration of artificial intelligence tools such as ChatGPT in the education sector has at-
tracted significant scholarly attention (Al-Jahwari & Yousif, 2025; X. Chen et al., 2020; Rejeb et al., 
2024; Shishakly, 2025; Vieriu & Petrea, 2025; Zawacki-Richter et al., 2019). From the student per-
spective, prior research highlights the benefits of ChatGPT for writing, language learning, research, 
and administrative tasks (Dwivedi et al., 2023; Fitria, 2023; Lund & Wang, 2023; Shishakly et al., 
2025). These systems provide real-time feedback on grammar, programming, and problem-solving by 
leveraging deep learning techniques to generate contextually relevant responses (Atlas, 2023; Baidoo-
Anu & Owusu Ansah, 2023; Else, 2023; Herft, 2023; Kasneci et al., 2023; Qadir, 2022; Sallam, 2023; 
Sok & Heng, 2023; Susnjak, 2022; Vieriu & Petrea, 2025). Despite these advantages, scholars have 
raised substantial ethical concerns, including academic dishonesty, over reliance on AI, misinfor-
mation, and unfair assessment practices (Rudolph et al., 2023; Sok & Heng, 2023). Although 
ChatGPT can reduce instructional workload and foster pedagogical innovation (Cox, 2021), it also 
poses risks to academic integrity, responsible use, and algorithmic fairness (Farhi et al., 2023; Qadir, 
2022; Welding, 2023). Ethical AI use is therefore expected to uphold fairness, transparency, privacy, 
and non-discrimination (Mhlanga, 2023). Plagiarism and contract cheating remain among the most 
pressing concerns (Cotton et al., 2024; Roe & Perkins, 2022), while transparency in disclosing AI as-
sistance is increasingly emphasized as a foundation of academic credibility (Lamb, 2023; C. Lee & 
Cha, 2025; Tlili et al., 2023). 

RESEARCH GAP 
Although existing studies examine AI adoption and traditional academic misconduct, they offer lim-
ited empirical insight into how students conceptualize ethical responsibility when using generative AI 
tools. Most research focuses narrowly on plagiarism or cheating, with minimal attention to broader 
ethical dimensions such as transparency, responsible use, and algorithmic bias. Consequently, current 
academic integrity frameworks do not sufficiently account for AI-specific risks or student-level ethi-
cal decision-making. Furthermore, theoretical discussions often lack practical, evidence-based strate-
gies to guide the ethical use of AI in educational contexts (Guerrero-Dib et al., 2020; Ramdani, 2018; 
Zawacki-Richter et al., 2019). Kumar et al. (2024) note that although AI technologies are reshaping 
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academic integrity discourse, formal guidance for responsible student usage remains scarce. Ro-
drigues et al. (2024) further highlight the limited empirical literature addressing AI and academic in-
tegrity. Importantly, few studies have examined how individual academic performance and demo-
graphic factors shape ethical engagement with AI tools. Prior research in educational technology sug-
gests that academic achievement and gender are associated with differences in technology adoption, 
self-regulation, and ethical decision-making. (Hanham et al., 2021; Nair et al., 2025; Zhuo et al., 
2023). However, the moderating roles of CGPA and gender in the use of ethical AI remain underex-
plored, despite their recognized importance for learning behavior, cognitive engagement, and tech-
nology-related risk-taking. Prior research generally suggests that the adoption of AI technologies is 
associated with improved academic performance (Chiu, 2024). Furthermore, AI has been shown to 
enhance student achievement, engagement, and academic performance and to support personalized 
learning and improved educational performance (Ma’amor et al., 2024; Mihaella & Petrea, 2025). 
However, research also indicates that excessive reliance on AI may reduce critical thinking and hu-
man interaction and increase the risk of academic fraud, highlighting the need for validation mecha-
nisms and ethical regulation (Ju, 2023; Łodzikowski et al., 2024; Săseanu et al., 2024; Vieriu & Petrea, 
2025). 

RESEARCH MODEL OVERVIEW 
To address these gaps, this study proposes an integrative framework linking AI-specific ethical prac-
tices to academic integrity. Ethical engagement with ChatGPT is conceptualized through four inter-
related dimensions: transparency in disclosing AI assistance (Lamb, 2023), responsible use as a com-
plement to critical thinking rather than a substitute (Essel et al., 2024; Iqbal & Iqbal, 2024; Parsakia, 
2023), plagiarism avoidance to preserve originality (Kotsis, 2024), and awareness of algorithmic bias 
to support fairness and credibility in academic work (Baker & Hawn, 2022). The framework extends 
conventional academic integrity models by incorporating trust in AI and perceived usefulness as me-
diating variables that explain how ethical practices translate into integrity-related outcomes. Digital 
literacy and CGPA are included as moderating variables to reflect differences in technological com-
petence and academic performance that may shape responsible AI engagement. Gender is also con-
sidered a demographic moderator, capturing variation in ethical reasoning and technology-use pat-
terns documented in prior educational research. In this study, academic integrity is defined not only 
as the avoidance of cheating but also as a broader commitment to honesty, fairness, accountability, 
and transparent knowledge production in AI-supported learning environments. 

PROBLEM STATEMENT AND STUDY AIM 
The rapid diffusion of ChatGPT in higher education has outpaced the development of empirically 
grounded ethical frameworks to guide student behaviour. Universities currently lack robust evidence 
on how students ethically engage with generative AI tools and how this engagement is influenced by 
trust, perceived usefulness, digital competence, academic performance, and gender differences. With-
out such understanding, institutional policies, assessment practices, and academic integrity regulations 
risk being incomplete or ineffective in addressing AI-related misconduct and ethical ambiguity. 
Accordingly, this study aims to examine the factors influencing university students’ ethical and re-
sponsible use of ChatGPT and their implications for academic integrity. Specifically, it investigates 
how transparency, plagiarism avoidance, bias awareness, and responsible use shape integrity out-
comes, while considering the mediating roles of trust in AI and perceived usefulness, and the moder-
ating effects of CGPA and gender as indicators of academic performance and demographic variation 
in technology-related ethical behaviour. 

RESEARCH QUESTIONS 
The following research questions were identified: 

RQ1: How does transparency about using ChatGPT influence students’ academic integrity? 
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RQ2: How does avoiding plagiarism when using ChatGPT influence students’ academic integ-
rity? 

RQ3: How does awareness of bias in ChatGPT influence students’ academic integrity? 
RQ4: How does the responsible use of ChatGPT as a learning tool influence students’ aca-

demic integrity? 
RQ5: Does trust in AI mediate the relationships between ethical usage dimensions and aca-

demic integrity? 
RQ6: Does perceived usefulness of ChatGPT mediate the relationships between ethical usage 

dimensions and academic integrity? 
RQ7: Does digital literacy moderate the relationships between ethical use dimensions and aca-

demic integrity? 
RQ8: Do CGPA and gender moderate the relationships between ethical usage dimensions and 

academic integrity? 

RESEARCH MODEL 
To address the research gap, the study proposed a research model that aims to empirically investigate 
how the ethical and responsible use of ChatGPT in academia can be enhanced through transparency, 
critical awareness, and digital competence, thereby promoting academic integrity and mitigating risks 
such as plagiarism and algorithmic bias. Figure 1 presents the conceptual framework, which identifies 
the key variables influencing the ethical use of AI tools in academic contexts. Existing academic in-
tegrity frameworks (e.g., Borenstein & Howard, 2021; Eaton, 2022; Macfarlane et al., 2014) primarily 
address traditional forms of misconduct, such as plagiarism and cheating, focusing on moral reason-
ing and institutional codes rather than technology-mediated ethics. However, the rise of generative 
AI introduces new ethical challenges that these models do not capture. To bridge this gap, the pro-
posed framework integrates four additional variables, such as trust in AI, plagiarism and bias issues, 
perceived usefulness, digital literacy, and CGPA, to extend conventional integrity theories (Table 1). 
Trust in AI and perceived usefulness serve as mediating variables, explaining how ethical dimensions 
(transparency, bias awareness, plagiarism avoidance, and responsible use) influence academic integ-
rity. Meanwhile, digital literacy and CGPA serve as moderating variables, representing how students’ 
technical competence and academic performance shape their responsible AI engagement. 

 
Figure 1. Ethical and responsible use of ChatGPT in academia 
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Table 1. Summary of the research model variables 

Role Variables 
Direct Transparency, bias awareness, plagiarism 

avoidance, responsible use 
Mediating Trust in AI, perceived usefulness 
Moderating Digital literacy, CGPA 
Outcome Academic integrity 

 

DIRECT IMPACT VARIABLES 
These independent variables are proposed to influence the ethical and responsible use of ChatGPT 
directly, thereby affecting academic integrity. Transparency reflects students’ willingness to disclose 
their use of ChatGPT, fostering openness and trust, which are essential for ethical practice. Bias 
awareness raises students’ understanding of potential AI biases, promoting the critical and ethical use 
of AI-generated content. Plagiarism avoidance emphasizes originality and proper citation, reinforcing 
ethical standards and academic honesty. Responsible use represents the constructive application of 
ChatGPT to support learning and creativity rather than to replace cognitive effort. The inclusion of 
digital literacy and CGPA as moderating variables is grounded in the Technology Acceptance Theory 
(TAM) and Self-Regulated Learning Theory. Digital literacy influences how effectively students apply 
ethical principles, with higher competence enhancing the positive impact of AI on creativity and ethi-
cal engagement (Agaoglu et al., 2025). CGPA reflects academic performance and self-regulation, as 
high-performing students tend to engage with AI more responsibly and uphold integrity (Qadir, 
2022; Vieriu & Petrea, 2025). Together, these factors strengthen the relationship between ethical 
awareness and academic integrity by promoting informed and responsible use of AI. Figure 2 sum-
marizes the direct impact of variables on academic integrity. 

 
Figure 2. Direct impact of variables on academic integrity 

The following hypotheses have been formulated regarding the direct impact variables: 

H1: Transparency in using ChatGPT is positively associated with students’ academic integrity. 
H2: Plagiarism avoidance in using ChatGPT is positively associated with students’ academic in-

tegrity. 
H3: Awareness of biases in ChatGPT is positively associated with students’ academic integrity. 
H4: Responsible use of ChatGPT as a learning aid is positively associated with students’ aca-

demic integrity. 

MEDIATING VARIABLES 
The mediating variables are proposed to explain how and why the independent variables influence 
academic integrity. The variable’ trust in AI’ refers to a student’s confidence in ChatGPT’s reliability, 
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fairness, and helpfulness. It mediates relationships among variables such as transparency, bias aware-
ness, and academic integrity. High trust may reinforce ethical behavior or, if misplaced, undermine it, 
depending on the context. The perceived usefulness variable refers to the extent to which students 
believe ChatGPT enhances their academic performance. It acts as a bridge between responsible use 
and ethical decision-making, potentially leading to more frequent and varied use, thereby increasing 
the need for ethical guidance.  

Furthermore, the mediating variables’ effects of trust in AI and perceived usefulness align with the 
Technology Acceptance Model (TAM) and Social Cognitive Theory (SCT), clarifying how ethical 
perceptions shape academic integrity. Trust in AI mediates the effects of transparency and bias 
awareness: students who perceive ChatGPT as reliable and fair are more likely to engage ethically. In 
contrast, low trust reduces this effect (Al-kfairy et al., 2025). Perceived usefulness links responsible 
use and plagiarism avoidance to integrity, as students who find AI beneficial tend to use it appropri-
ately. Similarly, Tao et al. (2019) emphasize that social trust and positive perceptions of usefulness 
strengthen adoption intentions, supporting integrity-oriented engagement with AI tools. Figure 3 
summarizes the direct impact of variables on academic integrity. 

 
Figure 3. Mediating variables on academic integrity 

The following hypotheses have been formulated regarding the mediating variables: 

H5a: Trust in AI mediates the relationship between transparency and academic integrity. 
H5b: Trust in AI mediates the relationship between bias awareness and academic integrity. 
H6a: Perceived usefulness of ChatGPT mediates the relationship between responsible use and 

academic integrity. 
H6b: Perceived usefulness of ChatGPT mediates the relationship between plagiarism avoid-

ance and academic integrity. 

MODERATING VARIABLES 
The moderating variables influence the strength or direction of relationships between other variables 
and academic integrity. The digital literacy variable refers to students’ technical and critical skills in 
using digital tools, including AI. It moderates the impact of transparency, bias awareness, and respon-
sible use on academic integrity. Students with high digital literacy are more likely to use ChatGPT 
ethically because they understand its capabilities and limitations. The CGPA variable is included to 
account for academic performance level, which may correlate with or influence the ethical use of AI. 
It can help isolate whether the effects of the other variables hold regardless of students’ academic 
standing. The relationships among the mediating and direct impact variables are summarized in Fig-
ure 4. 
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Figure 4. Moderating variables on academic integrity 

The following hypotheses have been formulated regarding the moderating variables: 

H7a: Digital literacy moderates the relationship between transparency and academic integrity 
such that the relationship is stronger at higher levels of digital literacy. 

H7b: Digital literacy moderates the relationship between bias awareness and academic integrity 
such that the relationship is stronger at higher levels of digital literacy. 

H8a: CGPA moderates the relationship between plagiarism avoidance and academic integrity 
such that the relationship is stronger for students with higher CGPA. 

H8b: CGPA moderates the relationship between responsible use and academic integrity such 
that the relationship is stronger for students with higher CGPA. 

THE OUTCOME VARIABLE 
Academic integrity, the primary dependent variable in this study, reflects adherence to ethical princi-
ples such as honesty, fairness, responsibility, and transparency in academic work. In the context of 
AI, integrity extends beyond avoiding plagiarism or misconduct; it also involves using tools like 
ChatGPT responsibly, with critical awareness and disclosure of AI assistance. As Balalle and Pan-
nilage (2025) emphasize, fostering a culture of integrity is essential to ensure the ethical and balanced 
use of AI in education. This broader perspective views AI not as inherently a form of cheating but as 
a tool whose ethical implications depend on how it is employed. When used transparently to support 
learning rather than replace it, AI can enhance academic integrity by promoting originality, reflection, 
and fairness. However, as Eke (2023) warns, uncritical or concealed use of generative AI can under-
mine trust and ethical standards, underscoring the need for institutions to promote responsible AI 
engagement aligned with core academic values. 

LITERATURE REVIEW 
Artificial intelligence has fundamentally reshaped how university students access information, interact 
with digital learning platforms, and approach academic problem-solving (Guan et al., 2020). The 
emergence of generative tools such as ChatGPT has further expanded these capabilities by enabling 
flexible, on-demand academic support across disciplines (L. Chen et al., 2020; Deng & Lin, 2023; 
Gozalo-Brizuela & Garrido-Merchan, 2023). Empirical research consistently shows that students in-
creasingly rely on such tools for writing, research, and conceptual clarification. However, this rapid 
adoption has intensified concerns about academic integrity and misuse, particularly because AI-gen-
erated outputs can be indistinguishable from original student work (Europol, 2023; Huang et al., 
2024; Sweney, 2023; Zhang et al., 2023). Scholars argue that the interactive and stylistic sophistication 
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of ChatGPT complicates traditional notions of authorship and originality, thereby challenging exist-
ing academic norms (Gilson et al., 2023; Short & Short, 2023). 

In response, a growing body of literature emphasizes that the ethical use of AI in education requires 
students to critically evaluate, rephrase, and properly cite AI-generated material (Alser & Waisberg, 
2023; Castelló-Sirvent et al., 2023; Eke, 2023; Herbst-Debby et al., 2023; Khalil & Er, 2023; Köbis & 
Mehner, 2021; Wen & Wang, 2023). However, despite these recommendations, ethical concerns re-
main layered and unresolved. One persistent issue is the reliability of AI outputs, as ChatGPT has 
been shown to generate factual inaccuracies, raising questions about accountability and epistemic 
trust (Ji et al., 2022). At the same time, algorithmic systems may introduce structural inequalities 
through biased or uneven distribution of opportunities, described as allocation harm (Madaio et al., 
2020). These challenges are further intensified by the evolving and opaque nature of AI technologies, 
which limits students’ ability to fully understand system boundaries and risks (Stahl & Eke, 2024). 
Scholars therefore stress the importance of AI literacy to help students understand how these tools 
function, their limitations, and how their outputs should be interpreted in academic contexts (Alam, 
2022a, 2022b; Wong et al., 2020). 

Transparency has emerged as a foundational principle in ethical AI discourse, particularly within edu-
cation, where disclosure practices directly affect academic credibility. Early governance literature con-
ceptualizes transparency as a multidimensional and system-level construct rather than a narrow tech-
nical property (Hood, 2006; Larsson & Heintz, 2020; Margetts, 2011; Miller, 2019; Theodorou et al., 
2017). Within higher education, students’ understanding of AI outputs strongly shapes trust in these 
systems and influences whether AI is used responsibly or opportunistically (C. Lee & Cha, 2025). 
Sector-specific studies, including those in professional education contexts, report increasing ethical 
and legal concerns associated with undisclosed AI use (Thurzo et al., 2023). Educational scholars fur-
ther argue that AI literacy is essential for promoting ethical awareness and critical reasoning among 
students (Mhlanga, 2023), while transparent engagement with AI can support informed decision-
making and academic development (Lipuma & León, 2024). Nevertheless, transparency remains in-
consistently embedded in institutional policy frameworks, which are fragmented and still evolving 
(Jobin et al., 2019; Kazim & Koshiyama, 2021; Larsson & Heintz, 2020). Excessive disclosure re-
quirements may also impose cognitive burdens on students, limiting their ability to process large vol-
umes of technical information effectively (Kirsh, 2000). 

Plagiarism is another dominant concern in the literature on generative AI in education. As students 
increasingly use ChatGPT to generate academic content, detection systems struggle to distinguish AI-
generated text from human writing, increasing the likelihood of undetected misconduct (Xiao et al., 
2022). Contemporary definitions of plagiarism, therefore, extend beyond copying from human 
sources to include the unacknowledged use of AI-generated material (Chan, 2023). Scholars widely 
advocate educational and interdisciplinary interventions that emphasize ethical training, explicit cita-
tion norms, and structured guidance to prevent students from substituting AI for independent intel-
lectual effort (Bhatta, 2024; Bissessar, 2025; Prashar et al., 2024). While proper attribution allows stu-
dents to benefit from AI without violating academic standards (Perkins, 2023), empirical studies indi-
cate that failing to disclose AI assistance is commonly interpreted as academic dishonesty (Eke, 2023; 
Jarrah et al., 2023; Mansilla et al., 2022; Wardat et al., 2023). 

Beyond plagiarism, responsible use has become a central theme in discussions of AI-supported learn-
ing. Research suggests that ChatGPT can enhance personalization, engagement, and learning effi-
ciency when integrated constructively (Vieriu & Petrea, 2025). However, excessive reliance may 
weaken the development of critical thinking and reduce meaningful cognitive engagement (Luckin et 
al., 2016; Wu, 2023). Ethical use is therefore framed as employing AI to support learning processes 
rather than replace analytical reasoning or creative effort (Alser & Waisberg, 2023; Eke, 2023; 
Herbst-Debby et al., 2023; Khalil & Er, 2023; Wen & Wang, 2023; Zhuo et al., 2023). When applied 
responsibly, AI tools can enhance self-efficacy and motivation (Y. F. Lee et al., 2022), yet without ap-
propriate boundaries, they can encourage surface learning and dependence on academics. 
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Algorithmic bias further complicates the ethical landscape of AI in higher education. Empirical stud-
ies show that AI systems may replicate social and cultural inequalities embedded in training data, in-
fluencing assessment outcomes and learning opportunities (Baker & Hawn, 2022; Barbierato et al., 
2022; Deho et al., 2023; Jiang & Pardos, 2021). These concerns are particularly salient in diverse edu-
cational environments, where biased outputs may marginalize certain student groups. As AI applica-
tions expand, the complexity of fairness and discrimination increases, requiring adaptive and ethically 
grounded institutional responses (Ferrara, 2024; Porayska-Pomsta & Luckin, 2022). Assessment sys-
tems powered by AI are particularly vulnerable to evolving bias patterns that may yield unjust or ex-
clusionary outcomes over time (Chinta et al., 2024). Language models such as ChatGPT have been 
shown to reproduce stereotypes and narrow demographic representations, reinforcing the need for 
inclusive training practices and governance mechanisms (Gozalo-Brizuela & Garrido-Merchan, 2023; 
Zhou et al., 2023). 

Within this evolving context, academic integrity remains a contested yet central construct (Bin-
Nashwan et al., 2023; Shiri, 2023). Traditionally linked to plagiarism and cheating (Macfarlane et al., 
2014), it lacks a universally accepted definition in the AI era (Hagège, 2023). Students often adopt AI 
tools to improve academic performance and efficiency (Dwivedi et al., 2023; Kotsis, 2024). Responsi-
ble use may promote ethical reflection and conscientious academic behavior (Memarian & Doleck, 
2023), yet uncritical reliance can undermine originality, authorship norms, and institutional trust 
(Chan, 2023; Eaton, 2022; Fowler, 2023; Grassini, 2023; Katsamakas et al., 2024; Malinka et al., 2023; 
Nazaretsky et al., 2025). Consequently, scholars argue that maintaining academic integrity in AI-sup-
ported education requires redefining authorship standards and embedding ethical guidance in peda-
gogical practice (Awasthi et al., 2022; Kotsis, 2024). 

RESEARCH METHOD 
To achieve the study’s objectives, a quantitative research approach using a cross-sectional survey de-
sign was adopted (Creswell & Plano Clark, 2018). This design enables data collection from a large 
number of respondents at a single point in time and is appropriate for examining relationships 
among latent constructs without experimental manipulation (Bougie & Sekaran, 2019; Cohen et al., 
2018). The approach is widely used in studies of digital literacy and artificial intelligence in educa-
tional contexts and supports theory-driven model testing. 

TARGET POPULATION AND SAMPLING FRAME 
The target population comprised undergraduate university students in the United Arab Emirates who 
actively use ChatGPT to support their academic work. The sampling frame included students en-
rolled at five public and private universities in Dubai, Sharjah, and Ajman, across diverse academic 
disciplines and study levels. A non-probability convenience sampling approach was used to recruit 
participants who were accessible, willing to participate, and familiar with AI tools. While this ap-
proach enabled efficient data collection in a technology-rich academic environment, it also intro-
duced potential sampling bias, as students who are more digitally engaged or motivated may be 
overrepresented. Consequently, sampling error may arise from underrepresentation of students with 
limited AI exposure or lower digital literacy, which may restrict the generalizability of findings be-
yond the sampled institutions and region (Etikan et al., 2015; Jager et al., 2017). The final valid sam-
ple consisted of 318 students. 

INSTRUMENT DEVELOPMENT AND PILOT STUDY 
The survey instrument was developed through a structured, multi-stage process to ensure content va-
lidity and construct reliability. Measurement constructs were derived from prior empirical studies on 
responsible AI use, transparency, academic integrity, trust, plagiarism, algorithmic bias, perceived 
usefulness, and digital literacy (Bissessar, 2025; Chan & Hu, 2023; Chaudhry et al., 2022; Ferrara, 
2024; Kotsis, 2024; Ma’amor et al., 2024; Pacheco-Mendoza et al., 2023; Prashar et al., 2024; Vieriu & 



Academic Integrity and Ethnical Use 

10 

Petrea, 2025; Zhai, 2022). An initial pool of 36 items was generated. Content validity was assessed by 
three experts in educational technology and management information systems, who evaluated item 
clarity, relevance, and theoretical alignment. Based on their feedback, redundant and ambiguous 
items were revised or removed, resulting in a refined set of 20 measurement items, as in a pilot study 
(Hassan et al., 2006). An involving 35 students was then conducted to test clarity, comprehension, 
and internal consistency. Minor wording adjustments were made in response to participant feedback. 
Importantly, pilot study participants were excluded from the final data collection to prevent response 
contamination and preserve statistical independence between the pilot and main samples. All con-
struct items were measured using a 5-point Likert scale with the following response categories: 1 = 
strongly disagree, 2 = disagree, 3 = neutral, 4 = agree, and 5 = strongly agree. A neutral midpoint al-
lowed respondents to express indifference or uncertainty, thereby reducing forced-choice bias. 

DATA COLLECTION PROCEDURE 
Data were collected online via Google Forms. Participants were informed of the study objectives, 
voluntary participation, and the confidentiality of responses before completing the questionnaire 
(Ateeq et al., 2022; Habtoor & Ali, 2023). The survey included demographic items on gender, aca-
demic level, college affiliation, and CGPA, followed by construct measurement items. Ethical stand-
ards were strictly observed, and no identifying information was collected. 

DATA ANALYSIS TECHNIQUE 
Partial Least Squares Structural Equation Modeling (PLS-SEM) was used to analyze the data because 
of its suitability for prediction-oriented research and for complex models involving mediating and 
moderating relationships (Chin, 1998; Henseler et al., 2009). PLS-SEM is robust to non-normal data 
distributions and performs well with moderate sample sizes (Hair et al., 2011, 2017; Sarstedt et al., 
2017). This technique has been widely applied in educational, social science, and technology 
acceptance research (Al-Emran et al., 2023; Khine, 2013; Lin et al., 2020; Teo & Khine, 2009). 

METHODOLOGICAL LIMITATIONS 
Although the quantitative survey approach enables systematic hypothesis testing, it is subject to sev-
eral limitations. First, the study relies on self-reported data, which may be affected by social desirabil-
ity bias, recall error, and respondents’ subjective interpretations of ethical behaviour. Students may 
underreport unethical practices or overstate responsible use of AI. Second, the exclusive use of a sin-
gle data source restricts methodological triangulation. No behavioural logs, instructor evaluations, or 
qualitative interviews were incorporated to validate reported practices. As a result, causal inferences 
should be interpreted cautiously, and the findings reflect perceived rather than objectively observed 
ethical behaviour. Third, the use of convenience sampling limits statistical generalizability to the 
broader student population in the UAE or other regions.  

DATA ANALYSIS 
Table 2 presents the demographic profile of the 318 respondents, revealing that the sample is pre-
dominantly male, with 205 participants (64.5%) compared to 113 females (35.5%). Students were 
drawn from five universities, with the largest representation from University 1 (47.5%), followed by 
University 2 (18.6%) and University 3 (14.7%). Universities 4 and 5 accounted for smaller portions, 
at 11.6% and 7.5%, respectively. 

This distribution shows a concentration of participants from a few institutions within the same re-
gion. In terms of academic discipline, the majority of respondents were enrolled in Business Admin-
istration (40.3%), followed by Information Technology (11.6%), Engineering (11.0%), and Medicine 
(9.4%). Smaller groups represented Pharmacy, Mass Communication, Dentistry, and Humanities, 
each ranging from 6% to 8%, indicating a diverse yet business-oriented sample. Regarding academic 
standing, most students were in their third year (35.2%), followed by second-year (24.5%) and 
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fourth-year (23.0%) students. First- and fifth-year students accounted for 9.4% and 7.9%, respec-
tively. This composition suggests that mid-program students, those in their second and third years, 
formed the core of the sample, likely reflecting individuals who are more actively engaged in aca-
demic writing, research, and coursework requiring the use of AI tools such as ChatGPT. 

Table 2. Demographic information of respondents (N = 318) 

Category Sub-category N % 

Gender Male 205 64.5 
Female 113 35.5 

Major 
university 

University 1 151 47.5 
University 2 59 18.6 
University 3 47 14.7 
University 4 37 11.6 
University 5 24 7.5 

College 

Business Administration 128 40.3 
Information Technology 37 11.6 

Engineering 35 11.0 
Medicine 30 9.4 
Others 88 27.7 

Academic 
year 

1st year 30 9.4 
2nd year 78 24.5 
3rd year 112 35.2 
4th year 73 23.0 
5th year 25 7.9 

Table 3 presents the distribution of cumulative grade point averages (CGPA) among the 318 re-
spondents, indicating a well-balanced range of academic performance levels. Approximately one-
third of the students (34.0%) achieved a CGPA between 3.0 and 3.49, representing the largest group 
in the sample. High-performing students with CGPAs of 3.5 to 4.0 accounted for 28.6% of respond-
ents, indicating a substantial presence of academically strong participants. Those with moderate aca-
demic standing, having CGPAs between 2.5 and 2.99, comprised nearly one-fourth of the sample 
(24.8%), while a smaller segment (12.6%) reported CGPAs below 2.5. Overall, the data suggest that 
most participants were academically capable students, with more than 60% maintaining CGPAs of 
3.0 or above. This suggests that the sample primarily consists of students who excel academically, 
which may affect their engagement with AI tools and their comprehension of academic integrity 
principles. 

Table 3. CGPA distribution of respondents 

CGPA range N % 
Below 2.5 40 12.6 
2.5 – 2.99 79 24.8 
3.0 – 3.49 108 34.0 
3.5 – 4.0 91 28.6 

Table 4 presents an analysis of AI task usage among students, revealing that ChatGPT is most com-
monly used for writing-related activities. Writing support recorded the highest average score (M = 
3.87, SD = 0.96), followed closely by grammar and correction tasks (M = 3.79, SD = 1.02), indicating 
that students primarily rely on AI tools to enhance the quality, structure, and accuracy of their written 
work. Research assistance also showed relatively frequent use (M = 3.53, SD = 1.09), suggesting that 
many students use ChatGPT to help locate information or refine research ideas. In contrast, AI use 
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for problem-solving (M = 3.31, SD = 1.11) was moderate, while programming tasks recorded the 
lowest average (M = 2.89, SD = 1.24), implying that students engage less with ChatGPT for technical 
or coding-related purposes. The variation across task types indicates that students’ use of AI tools is 
driven more by academic writing and language support needs than by computational or analytical ap-
plications, reflecting ChatGPT’s perceived utility as a writing and editing assistant in higher education 
contexts. 

Table 4. Frequency of AI task usage in academic work 

Task Mean SD Interpretation 
Writing support 3.87 0.96 Highest use 
Grammar and corrections 3.79 1.02 High use 
Problem-solving 3.31 1.11 Moderate use 
Research assistance 3.53 1.09 Frequent 
Programming 2.89 1.24 Lowest use 

Table 5 presents students’ perceptions of the risks and ethical concerns associated with ChatGPT 
use, revealing a high level of awareness of potential issues related to academic integrity. The most 
prominent concern was that AI tools may encourage plagiarism (M = 3.72, SD = 1.05), reflecting 
students’ recognition that relying too heavily on ChatGPT-generated content could compromise 
originality and honesty in academic work. Over-reliance on ChatGPT (M = 3.51, SD = 1.06) and the 
lack of transparency in AI processes (M = 3.48, SD = 1.04) were also notable concerns, suggesting 
that students are mindful of the dangers of excessive dependence on AI and the ethical implications 
of not understanding how such tools produce their outputs. Concerns about bias in AI-generated 
content (M = 3.43, SD = 1.10) further indicate an awareness that ChatGPT may reflect or reproduce 
biased information. The lowest-rated concern, that AI use weakens students’ critical thinking (M = 
3.17, SD = 1.09), still demonstrates moderate agreement, showing that some students fear AI could 
reduce independent analytical effort. Overall, these results suggest that students are not only active 
users of AI tools but also aware of the ethical boundaries and risks involved, striking a balance be-
tween enthusiasm for AI-assisted learning and caution about its potential misuse. 

Table 5. Perceived risks and ethical concerns of ChatGPT use 

Ethical concern Mean SD Rank 
AI tools encourage plagiarism 3.72 1.05 1 
Over-reliance on ChatGPT 3.51 1.06 2 
Lack of AI transparency 3.48 1.04 3 

Table 6 shows that all constructs demonstrated strong internal consistency, with Cronbach’s alpha 
values ranging from 0.79 to 0.87, exceeding the recommended threshold of 0.70. Convergent validity 
was established, as Average Variance Extracted (AVE) values ranged from 0.61 to 0.68, surpassing 
the 0.50 benchmark. Factor loadings for all items were within acceptable limits (0.70–0.88), confirm-
ing indicator reliability. The confirmatory factor analysis (CFA) indicated excellent model fit 
(RMSEA = 0.05, CFI = 0.95), providing evidence of the instrument’s overall reliability and validity. 
In practical terms, this means that constructs such as transparency, plagiarism avoidance, bias aware-
ness, CGPA, trust in AI, digital literacy, perceived usefulness of AI, academic work integrity, and re-
sponsible use are measured reliably and represent distinct yet cohesive aspects of students’ ethical en-
gagement with ChatGPT in academic contexts. 

Table 7 presents the structural model results, indicating that all four hypothesized ethical predictors 
have a significant, positive influence on students’ academic integrity when using ChatGPT. Transpar-
ency shows the most substantial direct effect (β = 0.28, t = 4.21, p < 0.001), indicating that students 
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who are open and honest about their use of AI tend to uphold higher standards of academic integ-
rity. Responsible use also exerts a substantial positive effect (β = 0.26, t = 4.00, p < 0.001), highlight-
ing that ethical and mindful engagement with AI tools directly promotes integrity in academic work. 
Plagiarism avoidance (β = 0.22, t = 3.68, p < 0.001) and bias awareness (β = 0.19, t = 3.01, p < 
0.001) also significantly contribute, though to a slightly lesser extent, emphasizing that consciously 
avoiding unethical use and recognizing potential AI biases are both integral to maintaining academic 
honesty. Collectively, these predictors explain a substantial portion of variance in academic integrity 
(R² = 0.48), reflecting moderate to strong explanatory power. Overall, the results demonstrate that 
ethical behaviors related to AI use, particularly transparency and responsibility, are key determinants 
of students’ adherence to academic integrity principles in higher education. 

Table 6. Measurement model: Reliability and validity 

Variable Cronbach’s 
alpha (α) AVE Factor 

loading range CFA fit 

Transparency 0.85 0.66 0.75 - 0.88 RMSEA = 0.05, CFI = 0.95 
Plagiarism Avoidance 0.82 0.62 0.72 - 0.85 RMSEA = 0.05, CFI = 0.95 
Responsible use 0.80 0.61 0.70 - 0.83 RMSEA = 0.05, CFI = 0.95 
Bias awareness 0.84 0.65 0.73 - 0.87 RMSEA = 0.05, CFI = 0.95 
Perceived usefulness of 
AI 

0.87 0.68 0.78 - 0.88 RMSEA = 0.05, CFI = 0.95 

Trust in AI 0.83 0.63 0.76 - 0.86 RMSEA = 0.05, CFI = 0.95 
Digital literacy 0.81 0.64 0.74 - 0.85 RMSEA = 0.05, CFI = 0.95 
CGPA 0.79 0.61 0.70 - 0.80 RMSEA = 0.05, CFI = 0.95 
Academic work integrity 0.81 0.62 0.72 - 0.85 RMSEA = 0.05, CFI = 0.95 

 

Table 7. Direct effect testing results (structural model) 

Hypothesis Path Β T P Supported 

H1 Transparency → 
Academic Integrity 0.28 4.21 <0.001 Yes 

H2 Plagiarism Avoidance 
→ Academic Integrity 0.22 3.68 <0.001 Yes 

H3 Bias Awareness → 
Academic Integrity 0.19 3.01 <0.001 Yes 

H4 Responsible Use → 
Academic Integrity 0.26 4.00 <0.001 Yes 

Model fit: R² (Academic Integrity) = *0.48 (substantial) 

Table 8 presents the mediation analysis results, which reveal that both Trust in AI and Perceived 
Usefulness serve as important mediators in explaining how students’ ethical behaviors influence their 
academic integrity. Transparency has an indirect positive effect on academic integrity through trust in 
AI (β = 0.12, p = 0.006), suggesting that transparency about AI use enhances students’ trust in the 
technology, which, in turn, promotes ethical academic behavior. Similarly, bias awareness indirectly 
improves academic integrity by fostering trust in AI (β = 0.099, p = 0.015), suggesting that recogniz-
ing AI’s potential biases fosters a more cautious, trustworthy approach to its use. Perceived useful-
ness also serves as a significant mediator. Responsible use indirectly affects academic integrity 
through perceived usefulness (β = 0.13, p = 0.002), suggesting that students who use ChatGPT re-
sponsibly tend to perceive it as a valuable learning aid, which reinforces their ethical behavior. Like-
wise, plagiarism avoidance has an indirect positive effect via perceived usefulness (β = 0.099, p = 
0.009), implying that when students consciously avoid unethical AI use, they see the tool as more 
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beneficial for legitimate academic purposes. All four mediations are partial, meaning that the media-
tors explain only part of the relationships between ethical factors and academic integrity. The inclu-
sion of mediators increased the model’s explanatory power (R² for Academic Integrity = 0.55, R² for 
Trust in AI = 0.35, R² for Perceived Usefulness = 0.38), indicating that trust and usefulness together 
explain a meaningful share of variance. Overall, these findings suggest that students’ ethical engage-
ment with AI fosters both confidence in and value from AI tools, ultimately strengthening their aca-
demic integrity. 

Table 8. Mediation testing results 

Hypothesis Mediator Path A 
(Iv→Mediator) 

Path B 
(Mediator→Dv) 

Indirect 
Β P Mediation 

Type 
H5a Trust in 

AI 
Transparency 
→ Trust in AI 
(β = 0.40) 

Trust in AI → Ac-
ademic Integrity (β 
= 0.30) 

0.12 0.006 Partial 

H5b Trust in 
AI 

Bias Awareness 
→ Trust in AI 
(β = 0.33) 

Trust in AI → Ac-
ademic Integrity (β 
= 0.30) 

0.099 0.015 Partial 

H6a Perceived 
usefulness 

Responsible Use 
→ PU (β = 
0.42) 

PU → Academic 
Integrity (β = 0.31) 

0.13 0.002 Partial 

H6b Perceived 
usefulness 

Plagiarism 
Avoidance → 
PU (β = 0.32) 

PU → Academic 
Integrity (β = 0.31) 

0.099 0.009 Partial 

Model fit: R² (Academic Integrity with mediators) = *0.55 (increased from 0.48); 
R²(Trust in AI) = *0.35, R²(Perceived Usefulness) = *0.38. 

Table 9 presents the moderation analysis results, demonstrating that both Digital Literacy and Cumu-
lative Grade Point Average (CGPA) significantly strengthen the relationships between key ethical 
predictors and academic integrity. Digital literacy positively moderates the relationship between trans-
parency and academic integrity (β = 0.14, t = 2.91, p = 0.004), indicating that students with higher 
digital competence benefit more from transparency in their AI use, as they are better equipped to ap-
ply ethical guidelines effectively. Similarly, the interaction between bias awareness and digital literacy 
(β = 0.11, t = 2.12, p = 0.035) indicates that digitally skilled students are better able to recognize and 
address biases in AI-generated content, thereby enhancing their adherence to academic integrity 
standards. 

Table 9. Moderation testing results 

Hypothesis Moderator Interaction term Β T P Moderation 
type 

H7a Digital Literacy Transparency × 
Digital Literacy 

0.14 2.91 0.004 Significant 

H7b Digital Literacy Bias Awareness × 
Digital Literacy 

0.11 2.12 0.035 Significant 

H8a CGPA Plagiarism Avoidance 
× CGPA 

0.13 2.67 0.008 Significant 

H8b CGPA Responsible Use × 
CGPA 

0.16 3.24 0.001 Significant 

Model fit: R² (Academic Integrity with moderators) = *0.61 (strong explanatory power). 
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CGPA also plays a meaningful moderating role. The relationship between plagiarism avoidance and 
academic integrity is stronger among students with higher GPAs (β = 0.13, t = 2.67, p = 0.008), sug-
gesting that academically successful students are more likely to internalize and act on ethical norms 
related to AI use. Likewise, the interaction between responsible use and CGPA (β = 0.16, t = 3.24, p 
= 0.001) indicates that high-performing students derive the greatest ethical benefit from ChatGPT 
use, likely due to greater self-regulation and motivation. Overall, the inclusion of these moderators 
increased the model’s explanatory power (R² for Academic Integrity = 0.61), indicating strong predic-
tive capacity. These findings highlight that digital literacy and academic achievement not only directly 
influence students’ ethical behavior but also amplify the impact of other ethical factors, underscoring 
the importance of digital competence and academic excellence in promoting integrity in AI-assisted 
learning contexts. 

Table 10 summarizes the hypothesis testing and confirms that all proposed relationships in the con-
ceptual model are statistically supported, demonstrating the robustness of the study’s theoretical 
framework. The four direct effects (H1–H4) reveal that ethical factors, such as transparency, plagia-
rism avoidance, bias awareness, and responsible use, each exert significant positive influences on aca-
demic integrity, with moderate to strong effect sizes (β ranging from 0.19 to 0.28). These findings 
emphasize that students who engage ethically with ChatGPT are more likely to uphold integrity in 
their academic work. 

Table 10. Summary of hypotheses testing 

Hypothesis Description Supported Effect type 
H1–H4 Direct effects of ethical 

variables on Academic Integrity 
Yes Moderate-strong 

(β = 0.19–0.28) 
H5a–H6b Mediation via Trust in AI and 

Perceived Usefulness 
Yes Partial (indirect β 

≈ 0.10–0.13) 
H7a–H8b Moderation by Digital Literacy 

and CGPA 
Yes Significant (β = 

0.11–0.16) 

The mediation hypotheses (H5a–H6b) are also supported, showing partial mediation effects through 
trust in AI and perceived usefulness. These mediators explain an additional portion of variance in ac-
ademic integrity, suggesting that when students trust AI systems and perceive them as beneficial, 
their ethical engagement becomes more meaningful and impactful. This highlights the psychological 
and perceptual pathways through which the responsible use of AI fosters integrity.  

Finally, the moderation hypotheses (H7a–H8b) demonstrate that digital literacy and CGPA signifi-
cantly strengthen the relationships between ethical predictors and academic integrity. This means that 
students with stronger digital competencies and higher academic achievement experience greater pos-
itive effects from ethical behaviors such as transparency, bias awareness, plagiarism avoidance, and 
responsible AI use. Taken together, the fully supported model highlights that both individual ethics 
and contextual factors, such as skill and performance, are crucial for promoting academic integrity in 
AI-integrated learning environments. 

Table 11 shows that the use of AI tools generally increases as students progress through their aca-
demic years, particularly for writing support and research assistance. Business Administration and In-
formation Technology majors exhibit higher usage of writing and programming AI tasks, respec-
tively, while Engineering students utilize problem-solving and programming tools more frequently. 
Medical-related majors tend to use AI tools moderately, but less for programming. 



Academic Integrity and Ethnical Use 

16 

Table 11. AI task usage by academic year and major (mean scores) 

Academic 
year Major Writing 

support 
Grammar & 
corrections 

Problem-
solving 

Programming 
tasks 

Research 
assistance 

First year Business 
Administration 3.50 3.45 2.90 2.30 3.25 

First year Information 
Technology 3.30 3.20 3.10 3.50 3.10 

Second year Business 
Administration 3.80 3.75 3.40 2.60 3.55 

Second year Engineering 3.60 3.55 3.70 3.80 3.30 
Third year Business 

Administration 4.10 4.00 3.60 2.50 3.80 

Third year Medicine 3.50 3.45 3.20 2.00 3.70 
Fourth year Engineering 3.90 3.85 3.80 3.90 3.60 
Fourth year Pharmacy 3.40 3.35 3.10 2.10 3.50 
Fifth year Information 

Technology 3.70 3.65 3.80 4.00 3.60 

Fifth year Humanities 3.50 3.45 2.70 1.90 3.20 

Table 12 shows that students with higher CGPAs tend to use AI tools more frequently across all 
tasks, particularly for writing support and research assistance. The analysis reveals a clear positive 
correlation between students’ cumulative grade point averages (CGPAs) and their use of ChatGPT 
across various academic tasks. Students with higher GPAs (3.5–4.0) reported the most frequent and 
effective use of ChatGPT for writing support, grammar correction, problem-solving, programming 
tasks, and research assistance. In contrast, students with lower GPAs (below 2.5) reported minimal 
use, particularly in complex tasks such as programming and problem-solving. 

Table 12. ChatGPT usage by CGPA and AI tasks (mean scores) 

CGPA 
range 

Writing 
support 

Grammar and 
corrections 

Problem- 
solving 

Programming 
tasks 

Research 
assistance 

Below 2.5 3.10 3.05 2.70 2.20 3.00 
2.5 – 2.99 3.50 3.45 3.00 2.60 3.40 
3.0 – 3.49 3.90 3.85 3.50 3.00 3.80 
3.5 – 4.0 4.10 4.00 3.70 3.30 4.00 

The data in Table 13 highlight clear patterns in ChatGPT usage across gender and academic perfor-
mance levels. Students with higher CGPAs (3.5–4.0) report the most frequent and effective use of 
ChatGPT across all tasks, suggesting that academic performance is positively correlated with AI tool 
adoption. This trend suggests that high-performing students may be more strategic and confident in 
integrating AI tools into their learning routines, using them not only for writing and grammar correc-
tions but also for higher-order tasks such as programming and problem-solving. In this sense, effec-
tive use of ChatGPT can be seen as part of a broader academic skill set that aligns with higher levels 
of self-regulation, digital literacy, and motivation among top-performing students. Gender differ-
ences also emerge strongly in the data. Male students consistently report higher usage across all 
CGPA ranges, especially in programming (males: 3.40 vs. females: 3.00 at the 3.5–4.0 range) and 
problem-solving tasks (males: 3.80 vs. females: 3.60). 
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Table 13. AI tasks usage and CGPA by gender (mean scores) 

Gender CGPA 
range 

Writing 
support 

Grammar and 
corrections 

Problem-
solving 

Programming 
tasks 

Research 
assistance 

Male Below 2.5 3.20 3.15 2.80 2.30 3.10 
Male 2.5 – 2.99 3.55 3.50 3.10 2.70 3.45 
Male 3.0 – 3.49 3.95 3.90 3.60 3.10 3.85 
Male 3.5 – 4.0 4.15 4.05 3.80 3.40 4.10 
Female Below 2.5 2.95 2.90 2.50 2.00 2.90 
Female 2.5 – 2.99 3.40 3.35 2.90 2.40 3.25 
Female 3.0 – 3.49 3.80 3.75 3.30 2.80 3.70 
Female 3.5 – 4.0 3.95 3.85 3.60 3.00 3.90 

Several explanations may account for this pattern. First, male students may have greater exposure to 
technical and programming contexts, whether through disciplinary focus, extracurricular interests, or 
cultural expectations, which could lead to the normalization of using AI for technical problem-solv-
ing. Second, the lower engagement of female students in programming-related tasks may reflect 
broader confidence gaps in STEM fields, in which women often underreport their technical self-effi-
cacy despite comparable abilities. This finding is consistent with studies that emphasize the role of 
gendered disciplinary orientations and confidence levels in shaping the acceptance and usage of edu-
cational technologies. Interestingly, even at lower CGPAs, male students report moderate use of 
ChatGPT, while female students show significantly reduced engagement, particularly in technical cat-
egories. This suggests that male students may be more willing to experiment with AI tools, regardless 
of their performance level, while female students’ engagement may be more closely tied to their aca-
demic confidence and the relevance of the tool to their field of study. Nonetheless, across both gen-
ders, the most common applications of ChatGPT are Writing Support and Grammar Corrections, 
reinforcing the idea that students primarily adopt AI tools to enhance writing quality and academic 
presentation. 

RESULTS AND DISCUSSION 
The study aimed to examine students’ perspectives on ethical responsibility in AI usage, focusing on 
transparency, plagiarism avoidance, bias awareness, and responsible use as key factors in upholding 
academic integrity in higher education. The findings align with Alneyadi and Wardat (2023), who em-
phasize that while AI can enhance learning and support academic integrity, its use must be guided by 
ethical standards, transparency, and respect for student privacy. This is further supported by Boren-
stein and Howard (2021) and Sikdar et al. (2022), as well as Macfarlane et al. (2014), who note that 
advancements in AI, particularly in education, are increasingly developed with ethical considerations 
and potential risks that address both human needs and environmental challenges. However, the re-
sults are inconsistent with those of previous studies by Fowler (2023), Eaton (2022), and Chan 
(2023), which have raised similar concerns about the challenges to academic integrity posed by stu-
dents’ use of AI. These challenges include learning challenges and issues of academic dishonesty in 
academic work, which influence how AI is used in educational settings.  

The study also found that trust in AI partially mediates the relationship between transparency and the 
use of ethical AI, aligning with Memarian and Doleck (2023), who argue that transparency is essential 
for building trust between users and algorithmic systems. They contend that transparency must go 
beyond user interpretation and be embedded into the AI system’s design. Similarly, Larsson and 
Heintz (2020) describe AI transparency as a complex governance challenge that requires balancing 
competing interests and fostering multidisciplinary collaboration. However, the findings only partially 
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align with Memarian and Doleck’s (2023) broader perspective, which asserts that transparency is 
shaped not only by user perceptions but also by how AI systems themselves evaluate and respond to 
human trust. This highlights the need for a more nuanced understanding of how trust and transpar-
ency interact in the ethical implementation of AI tools, such as ChatGPT, in educational contexts. 

The findings reveal that students are aware of the importance of avoiding plagiarism when using AI 
tools like ChatGPT and acknowledge the need to maintain academic integrity through proper citation 
and responsible use. However, students also expressed that ChatGPT positively contributes to their 
academic integrity, regardless of the AI task or academic support involved. This perspective contrasts 
with Awasthi et al. (2022), who emphasize the importance of preserving academic integrity in the 
context of AI use, and with Kotsis (2024), who argues that sustaining academic honesty requires re-
defining authorship and promoting responsible AI practices.  

Students also demonstrated awareness of algorithmic bias in AI-generated content and its potential 
impact on the integrity of academic work. This finding partially diverges from Walters (2023), who 
observed that while earlier models such as GPT-3.5 demonstrated high accuracy in AI content detec-
tion, precision decreased with the more advanced GPT-4.0, highlighting challenges in identifying AI-
generated text. However, this finding supports previous research that emphasizes the key roles of 
digital competence, cognitive ability, and learning orientation in the effective utilization of AI. 
Zawacki-Richter et al. (2019) observed that high-achieving students with strong digital literacy use AI 
tools more strategically, engaging with them to support critical thinking and deeper learning rather 
than surface-level tasks. High-CGPA students demonstrate advanced analytical and metacognitive 
abilities, enabling them to evaluate, refine, and apply AI-generated content more effectively, thereby 
enhancing the quality and relevance of their academic work.  

The current results suggest that male students’ higher engagement in programming and technical ap-
plications may stem from greater familiarity with computational tools and coding environments, 
which in turn enhances their ability to integrate AI systems effectively. Similarly, students with higher 
CGPAs appear to use ChatGPT more effectively due to stronger analytical, linguistic, and self-regula-
tory skills, enabling them to refine prompts, critically evaluate responses, and align AI-generated out-
puts with academic standards. The findings align with López-Fernández and Vergaz (2024), who re-
ported a positive correlation between students’ academic performance and their use of ChatGPT, 
noting that a significantly higher use of this tool was observed among outstanding students. These 
insights suggest that AI literacy, prior technical exposure, and academic competence collectively in-
fluence students’ engagement with and the benefits they derive from generative AI tools.  

This finding is consistent with Tang et al.’s (2025) acknowledgment that attitudes toward GenAI vary 
across demographic groups. Male students and those speaking a language other than English at home 
rated the use of GenAI in writing tasks as more acceptable. First-year students expressed greater so-
cietal concern than upper-year peers. Furthermore, the student perspective does not fully align with 
Islam et al. (2022), who emphasize that data and algorithmic biases are major contributors to fair-
ness-related risks in AI decision-making. Zembylas (2023) notes that such biases disproportionately 
affect marginalized groups, underscoring the ethical risks of uncritical adoption of AI. Furthermore, 
Braxton et al. (2011) note that there is already sufficient evidence that academics can behave unethi-
cally. Despite these inconsistencies, the findings support the value of student involvement in AI-re-
lated academic research to foster ethical awareness. Williams et al. (2020) and Lucic et al. (2022) em-
phasize that students can deepen their understanding of AI ethics by engaging in research and con-
tributing to reproducible academic work, thereby promoting a more reflective and responsible use of 
AI in education. 

Regarding the gender influence AI usage, the findings reveal that senior students are using AI tasks 
more comparing to the students in the first academic years which align with Jeffrey’s (2020) study 
aimed to explore college students’ perceptions of AI based on their level of understanding, beliefs in 
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its benefits,  and male students tend to use ChatGPT more frequently for technical tasks such as pro-
gramming and problem-solving, while female students show lower engagement across all categories. 
This aligns with Yilmaz et al. (2023), who note that students’ engagement with AI tools varies by dis-
cipline, interest, and technical capability, and with Demir and Guraksin (2022), who emphasize that 
academic background and disciplinary attitudes influence the acceptance of educational technologies. 
Additionally, high-performing students of both genders use ChatGPT more consistently, reinforcing 
its perceived academic value. Students who actively avoid plagiarism and recognize potential biases in 
AI-generated content are more likely to uphold ethical academic standards. 

CONCLUSION 
This study aimed to examine the factors influencing university students’ ethical and responsible use 
of ChatGPT and their implications for academic integrity, with particular attention to transparency, 
plagiarism avoidance, bias awareness, and responsible use, as well as the mediating roles of trust in AI 
and perceived usefulness, and the moderating effects of CGPA and gender. The findings show that 
all four ethical dimensions significantly predict academic integrity in AI-assisted learning contexts. 
These results confirm that students’ ethical orientations are central to shaping how generative AI is 
incorporated into academic work, consistent with the Theory of Planned Behavior (Ajzen, 1991) and 
Moral Intensity Theory (Jones, 1991), which link ethical awareness to responsible behavioral inten-
tions. 

In line with the study’s objective of assessing the cognitive and performance-related mechanisms un-
derlying the use of ethical AI, the results further indicate that trust in AI and perceived usefulness 
significantly mediate the relationship between ethical awareness and academic integrity. Students who 
perceive ChatGPT as transparent, reliable, and beneficial are more likely to integrate it ethically and 
purposefully into their academic tasks. Moreover, digital literacy and academic performance, meas-
ured by CGPA, moderate these relationships. Higher digital competence strengthens the translation 
of transparency and awareness of bias into ethical behavior, while stronger academic performance 
reinforces disciplined practices in plagiarism avoidance and responsible use. These findings extend 
perspectives on technology acceptance and digital competence by demonstrating that the use of ethi-
cal AI depends on moral judgment and technical capability. 

Regarding demographic variation, the study found that gender and academic level influence patterns 
of ChatGPT use and ethical engagement. Male students reported greater use of technical and pro-
gramming-related applications, whereas female students more frequently used ChatGPT for writing 
support, consistent with prior research on gendered technology engagement (Vekiri & Chronaki, 
2008). In addition, lower CGPA and early-year students exhibited lower levels of use, indicating dis-
parities in confidence, familiarity, and access that align with digital divide and self-efficacy frame-
works. These results highlight the socio-technical nature of AI adoption in higher education. 

THEORETICAL AND PRACTICAL IMPLICATIONS 
This study contributes to the academic integrity and educational technology literature by empirically 
validating a comprehensive model of ethical AI use in higher education. The findings confirm that 
transparency, plagiarism avoidance, bias awareness, and responsible use represent core ethical dimen-
sions that significantly shape students’ academic integrity when engaging with ChatGPT. By integrat-
ing ethical responsibility perspectives with technology adoption frameworks, the study extends tradi-
tional academic integrity models beyond conventional misconduct to account for AI-specific behav-
iors. In addition, the results demonstrate that trust in AI and perceived usefulness partially mediate 
the relationship between ethical awareness and academic integrity. This highlights the importance of 
students’ cognitive and attitudinal evaluations in shaping ethical conduct. Inclusive, the study ad-
vances theoretical understanding by showing that responsible AI use is influenced not only by institu-
tional norms but also by individual perceptions of AI reliability, value, and risk. The integration of 
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ethical theory with technology acceptance perspectives provides a more comprehensive framework 
for explaining student engagement with generative AI in academic contexts. 

PRACTICAL IMPLICATIONS 
The findings offer several implications for higher education institutions seeking to promote the 
adoption of ethical and inclusive AI. Universities should prioritize structured digital literacy programs 
that emphasize transparency in AI use, proper attribution, recognition of bias, and the responsible 
application of generative tools in academic work. Ethical AI education should be embedded within 
academic writing, research methods, and technology-related courses. Institutions should also address 
disparities in access and preparedness by providing targeted support for early-year students, students 
with lower academic performance, and underrepresented groups. Initiatives such as AI workshops, 
mentoring schemes, and supervised digital learning laboratories can strengthen confidence, reduce 
misuse, and promote equitable participation. In addition, faculty development programs focused on 
AI pedagogy and academic integrity are essential to ensure consistent modeling of ethical practice 
across disciplines. 

LIMITATIONS AND FUTURE RESEARCH 
LIMITATIONS 
Several limitations should be acknowledged. First, the study was conducted within five universities in 
the Gulf region, which may limit the generalizability of the findings to other cultural and institutional 
contexts. Second, the use of self-reported survey data may be affected by social desirability and recall 
bias and does not capture actual patterns of AI usage. Third, the sample exhibited imbalances in gen-
der representation and academic disciplines, with a higher proportion of male students and business-
related majors, which may have influenced the results. Finally, the study focused exclusively on 
ChatGPT, excluding other generative AI tools that may present different ethical dynamics. 

FUTURE RESEARCH DIRECTIONS 
Future studies should replicate and extend this model across different regions, educational systems, 
and cultural settings to enhance external validity. Greater balance in gender and disciplinary represen-
tation is recommended, along with the inclusion of postgraduate populations. Methodologically, 
combining self-reported data with behavioral logs, learning analytics, or instructor assessments would 
strengthen measurement accuracy and reduce reliance on perceptions alone. Longitudinal and com-
parative research designs could further examine how ethical attitudes and AI usage behaviors evolve 
over time and in response to institutional policies or technological developments. 
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