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ABSTRACT

This study investigated the impact of ethical Artificial Intelligence (Al) use on the learning patterns of
pre-service teachers. A quantitative correlational research design was employed, and data was collected
from pre-service teachers enrolled in a B.Ed. programme at a public sector university in Karachi. A
survey questionnaire was used to measure ethical Al use and learning patterns, including deep learning,
strategic learning, and surface learning, among participants. To analyse data, simple linear regression
was performed using SPSS to examine relationships between dependent and independent variables.
Results indicated that ethical Al use was positively associated with deep and strategic learning patterns.
Low ethical Al use was linked with surface learning tendencies, such as over-reliance on Al for ready-
made answers and reduced personal effort. The study concluded that ethical Al use is not merely a moral
and policy requirement but also an emerging pedagogical approach that can promote higher-order
thinking and reflective learning among pre-service teachers. Recommendations included integrating
ethical Al education into teacher education curricula to develop responsible, reflective, and future-ready
teaching professionals.

Keywords: Ethical Al Use, Learning Patterns, Pre-Service Teachers, Teacher Education
INTRODUCTION

Educational practices across the globe have been remarkably influenced by the rapid advancements in
Artificial Intelligence (Al), especially Generative Al (Garzon et al., 2025). Studies report an increasing
use of Al tools among students at various levels in different ways, such as educational content generation,
problem-solving, and information retrieval (Kasneci et al., 2023; Garzon et al., 2025). While ChatGPT
and other Al tools may improve accessibility and learning, they also raise some serious ethical concerns
related to academic integrity, fairness, transparency, and data privacy (Zhai, 2022). The ethical use of Al
in education, as also recently highlighted by UNESCO, calls for a responsible, open, and academically
honest adoption of Al technology in teaching and learning processes (Holmes & Miao, 2023). Students
must avoid plagiarism, acknowledge the assistance of Al, and consider Al as a tool rather than an
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alternative for human cognition (Chan & Hu, 2023).

According to recent studies in the global context, Al tools can have both beneficial and detrimental
effects on students’ learning patterns. While ethical and responsible Al use can support inquiry-based
learning, personalisation, and feedback, over-dependence on Al can lead to procrastination, less cognitive
effort, and poorer performance (Heung & Chiu, 2025; Abbas et al., 2024; Chen et al., 2023). This issue is
particularly critical in teacher education, where students, termed as pre-service or prospective teachers,
are in the process of developing both personal learning patterns as well as professional norms that they
will later transmit to school students.

One way to conceptualize student learning pattern is through the Deep-Strategic—Surface Learning
Framework introduced by Marton and S&ljo (1976), elaborated further by Entwistle & Ramsden (1983)
and later expanded by Biggs and Tang (2011). Deep learning involves critical thinking, conceptual
understanding, and intrinsic motivation; strategic learning reflects organized, goal-oriented study
behaviour; and surface learning is characterized by rote memorization, minimal engagement, and grade-
focused task completion. These learning patterns are strongly associated with academic achievement, self-
regulation, and long-term professional competence (Entwistle & Ramsden, 1983; Biggs & Tang, 2011).

Despite the growing empirical base on Al adoption into teaching and learning, no published Pakistani
study has so far systematically examined how ethical Al use relates to pre-service teachers’ learning
patterns. Therefore, this study aims to examine the impact of ethical Al use on the learning patterns of
pre-service teachers enrolled in a public sector university in Karachi, Pakistan. By integrating ethical Al
scholarship with the Deep-Strategic—Surface Learning Framework, the study provides empirical evidence
on whether responsible Al use supports meaningful learning or reinforces superficial academic behaviour
among future teachers.

LITERATURE REVIEW

The concept of ethical Al use in education is based on the principles of fairness, accountability, data
protection, and academic integrity (Holmes & Miao, 2023). Keeping in view the recent advancements and
increased use of Al, especially generative Al, scholars now distinguish between productive Al use and
misuse that results in academic misconduct or cognitive reliance. A large-scale study conducted by Chan
and Hu (2023) revealed that university students usually perceive generative Al positively for support with
writing, brainstorming, and research, but also worry about accuracy, privacy, and ethical risks.
Researchers concluded that institutional guidelines and ethical framing are crucial for ensuring
responsible use of Al.

Bittle and El-Gayar (2025) conducted a systematic review on generative Al and academic integrity in
higher education and concluded that GenAl tools simultaneously create new opportunities for formative
feedback and new risks of plagiarism. He argued that without explicit ethical training, students often
normalize borderline behaviours such as undisclosed Al rewriting or idea generation, which may conflict
with institutional policies of originality. Abbas et al. (2024) developed and validated a scale for ChatGPT
usage among university students and reported that academic workload and time pressure significantly
increase reliance on generative Al, while heavy use is associated with higher procrastination, memory
problems, and lower academic performance. They concluded that ethical Al use cannot be separated from
broader learning habits, motivation, and self-regulation. These studies collectively suggest that ethical Al
use is not only about compliance with institutional rules; it is deeply tied to how students think, plan, and
regulate their learning. For teacher education, this means that ethical Al literacy must be framed as both a
moral and a pedagogical competency.

Marton and Saljé (1976) introduced the difference between the deep and surface approaches to learning
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and showed that students engaging deeply with meaning, structure, and argumentation achieved more
rigorous understanding than those focusing only on reproducing facts. Entwistle and Ramsden (1983)
further elaborated this work and then Biggs and Tang (2011) later expanded this learning framework by
highlighting a third pattern, namely strategic learning. This pattern refers to an organized and goal-
oriented study behaviour that aims at maximizing academic performance through effective time
management and assessment-focused strategies.

Deep learners look for meaning, integrate ideas, and perform critical reflection. Strategic learners monitor
demands, plan their work, and adapt their strategies to assessment expectations whereas surface learners
focus on rote memorization, minimal effort, and narrow task completion without conceptual and critical
engagement. Empirical studies show that deep and strategic learning approaches are positively associated
with higher academic achievement, better retention, and stronger problem-solving skills, whereas surface
approaches are associated with low motivation and minimal understanding (Diseth, 2007; Valadas et al.,
2017; Tuononen et al., 2020).

Although research on associating ethical Al use with the deep-strategic—surface framework is still
emerging, several evidence are relevant. Internationally, Chan and Hu (2023) report that students who use
generative Al critically by checking accuracy, reflecting on Al output, and integrating it into their own
thinking, tend to describe more active, self-regulated learning experiences, which align with deep and
strategic approaches. On the other hand, students who perceive Al as a shortcut for completing tasks
report concerns about reduced effort and increased reliance. Abbas et al. (2024) noted that heavier
ChatGPT use under high workload and time pressure can encourage shortcut behaviours leading to
procrastination and lower performance. This pattern is consistent with surface learning, which is often
associated with time pressure, fear of failure, and extrinsic motivation.

Ashraf et al. (2025) conducted a study in the context of Pakistani higher education and found that
ChatGPT use can improve students’ academic performance when mediated by positive behavioural
intentions and habits. They suggested that when Al is integrated as part of a broader technology
acceptance process instead of a shortcut, it may enhance self-directed learning and academic
performance. Balgees et al. (2024) surveyed educators and students in Pakistani universities and found
that ChatGPT is increasingly used for teaching, learning, and administrative tasks. They reported that
participants articulated the benefits of Al such as efficiency and personalization but also demanded clear
policies to regulate its use.

Bano and Mehdi (2024) conducted a systematic review of Al use in Pakistani education and found that
most local research focuses on general attitudes, perceived usefulness, or classroom applications, with
very limited attention to ethical literacy. From an academic integrity perspective, Azeem et al. (2025)
explored teachers’ and students’ perspectives on Al and academic integrity in a Pakistani public
university. They found that both groups acknowledged AI’s potential as a learning support but expressed
concern about cheating, weak detection mechanisms, and students’ confusion about ethical guidelines.
They recommended that institution-wide Al literacy and explicit ethical guidelines should be devised.
Specific to teacher education, Rasheed et al. (2025) investigated teacher educators’ perspectives on
integrating Al tools in pre-service teacher education programmes in Pakistan. The study reported that
teacher educators perceive Al as a source of pedagogical innovation but are worried about authenticity,
academic integrity, and the decline of traditional professional identities. They call for professional
development and policy frameworks that help teacher educators model responsible Al practices.

Despite this growing body of literature, no Pakistani study has empirically linked ethical Al use to pre-
service teachers’ learning patterns. This study addresses that gap by operationalizing Ethical Al Use as a
measurable construct, linking it empirically with established learning patterns and focusing specifically
on pre-service teachers in a public sector university in Karachi, whose learning behaviours will shape
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future classroom practices and ethical norms.
Research Questions & Hypotheses
This study is guided by the following research questions:

1. s there a significant and positive relationship between Ethical Artificial Intelligence (Al) Use and
the Deep Learning Pattern among pre-service teachers?

2. Is there a significant and positive relationship between Ethical Artificial Intelligence (Al) Use and
the Strategic Learning Pattern among pre-service teachers?

3. Is there a significant and negative relationship between Ethical Artificial Intelligence (Al) Use
and the Surface Learning Pattern among pre-service teachers?

In this study, Ethical Artificial Intelligence Use is treated as the independent variable, while Deep
Learning Pattern, Strategic Learning Pattern, and Surface Learning Pattern are treated as dependent
variables. The hypothesized relationships assume that ethically grounded Al practices promote higher-
order cognitive engagement and structured learning behaviours, and reduced rote, shortcut-based learning
behaviours. The following three hypotheses were formulated:

1. Hi: Ethical Artificial Intelligence (AI) Use has a positive and significant effect on the Deep
Learning Pattern of pre-service teachers.

2. Ha: Ethical Artificial Intelligence (AI) Use has a positive and significant effect on the Strategic
Learning Pattern of pre-service teachers.

3. Hs: Ethical Artificial Intelligence (AI) Use has a negative and significant effect on the Surface
Learning Pattern of pre-service teachers.

RESEARCH METHODOLOGY
Research Design

The present study used a quantitative, correlational research design. Simple linear regression models were
employed to examine the impact of Ethical Artificial Intelligence Use (EAIU) on pre-service teachers’
learning patterns namely Deep Learning Pattern (DLP), Strategic Learning Pattern (StLP), and Surface
Learning Pattern (SuLP) at a public sector university in Karachi, Pakistan. Three simple linear regression
models were specified, one for each learning pattern:

Deep Learning Pattern = a + f1(Ethical Al Use) + e
Strategic Learning Pattern = o + f1(Ethical Al Use) + e
Surface Learning Pattern = « + f1(Ethical Al Use) + e

Where « is the intercept (constant), £1 is the regression coefficient of Ethical Al Use, and e is the error
term.

Participants

The participants in this study were pre-service teachers enrolled in a B.Ed. programme at a public sector
university in Karachi, Pakistan. Data from 116 students (12 males and 104 females) were used for
analysis. The age and gender distribution is shown in Table 1. Most participants were female, reflecting
the typical gender composition of teacher education programmes. In terms of age, the largest group was in
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the 18-25 bracket, followed by participants in the 26-30 and 31-35 brackets. Smaller numbers were in
the 3540 and 41 above brackets. This distribution shows s a sample that is predominantly young adult
pre-service teachers, with some representation of mid-career entrants into teacher education.

Table 1: Demographics of Participants

Age
18-25 26-30 31-35 35-40 41 & Above Total
Gender [Male 3 3 2 2 2 12
Female 41 18 20 17 8 104
Total 44 21 22 19 10 116

Instruments

Four self-report instruments were used for data collection, all developed by the researchers following an
extensive review of literature on ethical Al use and learning patterns. Ethical Al Use (EAIU) scale,
comprised of 10 items, measured pre-service teachers’ awareness, attitudes, and self-reported practices
regarding the ethical use of Al in academic tasks, for example, information search, content generation,
assignments, and assessment support. Deep Learning Pattern (DLP) scale, comprised of 5 items, assessed
meaningful and conceptually rich learning, including critical thinking, integration of ideas, and deep
understanding of course content. Strategic Learning Pattern (StLP) scale, comprised of 5 items, assessed
goal-oriented learning behaviours such as planning, time management, organisation of study activities,
and exam-oriented strategies. Surface Learning Pattern (SuLP) scale, comprised of 5 items, measured rote
learning, minimum-effort strategies, over-reliance on shortcuts, and a focus on merely completing tasks.
All items were rated on a five-point Likert scale ranging from 1 (Strongly Disagree) to 5 (Strongly
Agree).

The internal consistency of each instrument was checked using Cronbach’s alpha (@) in SPSS. Content
and face validity were ensured through expert review by specialists in teacher education, educational
psychology, and educational technology. Minor phrasing revisions were made based on their feedback.
Detailed reliability and factor analysis results are presented in the Data Analysis section.

DATA ANALYSIS AND RESEARCH FINDINGS

Data analysis and hypothesis testing were conducted using SPSS. After data entry and coding,
exploratory factor analysis (EFA) and reliability analysis were performed to validate the measurement
instruments. Composite scores for each construct — EAIU, DLP, StLP, and SuLP — were then computed,
and simple linear regression analyses were performed to test the study hypotheses.

Kaiser—-Meyer—Olkin (KMO) and Bartlett’s Test

KMO test is performed to check collected sample sufficiency for running factor analysis and computing
variables. Before running factor analysis, the values of KMO and Bartlett’s test were checked. KMO test
was performed for checking sampling adequacy. The KMO value, as shown in Table 2, was .866 which
exceeded the minimum acceptable value of .50 (Kaiser & Rice, 1974, as cited in Siddiqui et al., 2018). It
indicated that the sampling adequacy was high and the correlation patterns were compact enough to yield
reliable factors. This suggested that the data were suitable for factor analysis. Bartlett’s test of sphericity
identifies that correlation matrix is not an identity matrix. The Bartlett’s test of sphericity should be
significant (p < .05) for factor analysis to be suitable (Bartlett, 1950, as cited in Siddiqui et al., 2018). As
shown in Table 2, the Bartlett’s Test of Sphericity was significant at p < .001, indicating that the
correlation matrix was not an identity matrix. In other words, the items were found to be sufficiently
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interrelated to justify the application of factor analysis. Together, these results confirmed that factor

analysis was appropriate for the 25 items used in this study.

Table 2: KMO and Bartlett’s Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .866
Bartlett's Test of Sphericity Approx. Chi-Square 1410.302
df 300,
Sig. .000

Factor Analysis

Principal Component Analysis (PCA) with Varimax rotation was used to examine the underlying
structure of the 25 items corresponding to the four factors in the instrument. Table 3 presents the rotated
factor loadings for the four main components corresponding to Ethical Al Use (EAIU), Deep Learning
Pattern (DLP), Strategic Learning Pattern (StLP), and Surface Learning Pattern (SuLP). All 10 EAIU
items loaded positively on the EAIU factor, with loadings ranging from .408 to .774. The 5 DLP items
loaded on a distinct factor, with loadings between .508 and .804. The 5 StLP items loaded on a third
factor, with loadings between .469 and .734. The 5 SuLP items loaded strongly on a fourth factor, with

loadings between .581 and .864.

Table 3: Factor Loadings

ltems

EAIU

DLP

StLP

SuLP

EAIU1

74

EAIU2

627

EAIU3

.553

EAIU4

.503

EAIUS

.597

EAIUG

455

EAIU7

494

EAIUS

.616

EAIU9

454

EAIU10

408

DLP1

801

DLP2

.804

DLP3

.610

DLP4

.508

DLPS

745

StLP1

575

StLP2

469

StLP3

579

StLP4

591

StLP5

734

SuLP1

792

SuLP2

.864

SuLP3

812

SuLP4

.687

SuLP5

581

Extraction Method: Principal Component Analysis.
Rotation Method: VVarimax with Kaiser Normalization.
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Factor loadings greater than .40 are generally considered acceptable indicators of a meaningful
relationship between an item and its underlying factor (Hair et al., 2019). In this study, all items loaded at
or above this threshold on their respective factors, and cross-loadings were minimal. This pattern supports
the construct validity of the four-dimensional structure: one factor for Ethical Al Use and three distinct
factors for the learning patterns: deep, strategic, and surface.

Total Variance Explained

The four components of the instrument together accounted for approximately 56.62% of the total variance
in the items after extraction. After rotation, the variance was more evenly distributed across the four
factors, with each factor contributing meaningfully to the explained variance. A total explained variance
of around 50-60% is generally acceptable in social science research (Tabachnick & Fidell, 2019). The
four-factor structure explains a substantial proportion of the variability in responses, indicating that the
measurement model captures the core dimensions of Ethical Al Use and learning patterns among pre-
service teachers.

Reliability Analysis

The instrument reliability was assessed using Cronbach’s alpha (). As shown in Table 4, Ethical Al Use
(10 items) yielded o, = .825, Deep Learning Pattern (5 items) yielded o = .838, Strategic Learning Pattern
(5 items) yielded o = .837, and Surface Learning Pattern (5 items) yielded « = .831. In this way, all four
scales demonstrated good internal consistency, with Cronbach’s a values above .80. These values exceed
the commonly accepted threshold of .50 (Cronbach, 1951, as cited in Siddiqui et al., 2018), indicating that
the items within each scale measure the same underlying construct in a consistent manner. The Ethical Al
Use scale and each learning pattern scale was therefore considered reliable for further analysis.

Table 4: Reliability Statistics

Variable Number of Items Cronbach's alpha
()

Ethical Al Use 10 .825

Deep Learning 5 .838

Strategic Learning 5 .837

Surface Learning 5 .831

Regression Analysis

Simple linear regression was performed to examine the impact of Ethical Al Use (EAIU) on each learning
pattern: Deep Learning Pattern (DLP), Strategic Learning Pattern (StLP), and Surface Learning Pattern
(SuLP). As shown in Table 5, Ethical Al Use was found to be a significant positive predictor of the Deep
Learning Pattern among pre-service teachers. The coefficient (B = 0.404) suggests that, on average, a
one-unit increase in Ethical Al Use is associated with a 0.404-point increase in Deep Learning Pattern
scores, holding other factors constant. The model explains about 48.1% of the variance in deep learning
(R? = .481), which is a substantial proportion in educational research. The high F-value and its
significance (p < .001) further confirm that the overall regression model is statistically significant. These
results support Hi, indicating that higher ethical use of Al is associated with more pronounced deep
learning behaviours, such as critical thinking and conceptual understanding.
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Table 5: Regression Analysis on EAIU and DLP

T F R Adjusted
Variables B T (Sig.) F-Value (Sig) | R Square | R Square
(Constant) 4.72 | 3.097 0.002 105.576 | .000° | .693° 0.481 0.476
Deep Learning
Pattern 0.404 | 10.28 .000

Ethical Al Use, as shown in Table 6, also significantly predicted the Strategic Learning Pattern. The
coefficient (B = 0.446) indicates that a one-unit increase in Ethical Al Use corresponds to an average
0.446-point increase in Strategic Learning Pattern scores. This model explains 53.0% of the variance in
strategic learning (R2 = .530), which is slightly higher than that for deep learning and indicates a strong
association. The F-statistic is large and highly significant, confirming that the model provides a good fit
to the data. These findings support H, suggesting that when pre-service teachers use Al ethically, they are
more likely to engage in strategic behaviours such as planning their studies, managing time, and adopting
exam strategies.

Table 6: Regression Analysis on EAIU and StLP

T F R Adjusted
Variables B T (Sig.) | F-Value | (Sig) | R Square R Square
(Constant) 2.751| 1.802 074 | 128.328 | .000° | .728° 530 525
Strategic Learning
Pattern 446 | 11.328 .000

As shown in Table 7, Ethical Al Use was found to be a significant negative predictor of Surface Learning
Pattern. The coefficient (B = —0.153) indicates that, on average, a one-unit increase in Ethical Al Use is
associated with a 0.153-point decrease in surface learning scores. However, the effect size is modest:
Ethical Al Use explains about 4.2% of the variance in surface learning (R? = .042). While the relationship
is statistically significant (p = .028), the relatively low R? suggests that surface learning is influenced by
many other factors beyond ethical Al use, such as prior learning habits, assessment culture, or
institutional expectations. These results support Hs, indicating that higher levels of ethical Al use are
associated with lower tendencies toward surface learning, although the magnitude of this effect is small.

Table 7: Regression Analysis on EAIU and SuLP

T F R Adjusted
Variables B T (Sig.) | F-value | (Sig) | R Square R Square
(Constant) 18.900 | 7.098 .000 4,940 | .028° | .204° 042 .033
Surface Learning -
Pattern -153 | 2.223 .028

Overall, the findings suggest that promoting ethical use of Al among pre-service teachers is associated
with more desirable learning patterns (deep and strategic) and reduced reliance on surface-level
approaches.

DISCUSSION & CONCLUSION

This study sought to investigate the impact of Ethical Artificial Intelligence Use (EAIU) on the Deep
Learning Pattern (DLP), Strategic Learning Pattern (StLP), and Surface Learning Pattern (SuLP) of pre-
service teachers enrolled in a public sector university in Karachi, Pakistan. The regression results showed
that ethical Al use significantly and positively predicted deep learning and strategic learning, while it
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negatively predicted surface learning. These findings provide strong empirical support for all three
proposed hypotheses (Hi—Hs).

The first major finding showed that Ethical Al Use significantly and positively predicts Deep Learning
Pattern, explaining a substantial proportion of the variance (R? = .481). This result suggests that when
pre-service teachers use Al responsibly and ethically, they are more likely to adopt learning approaches
like critical thinking, conceptual understanding, and intrinsic academic engagement. This finding is
consistent with international studies indicating that ethically guided use of generative Al enhances
reflective thinking and higher-order cognition (Kasneci et al., 2023; Chan & Hu, 2023).

The second key finding revealed that Ethical Al Use is an even stronger predictor of Strategic Learning
Pattern (R2 = .530). This indicates that ethically responsible Al users tend to demonstrate better planning,
time management, goal-setting, and performance-oriented learning behaviours. This result supports the
argument that ethical Al use functions as a self-regulatory learning scaffold, rather than merely a content-
generation shortcut. Recent research similarly shows that controlled and reflective Al use enhances
students’ study efficiency and academic performance when embedded within goal-oriented learning
routines (Ashraf et al., 2025). Within teacher education, this is particularly important because strategic
learning skills are foundational to professional teaching competence, lesson planning, and classroom
organization.

The third finding demonstrated that Ethical Al Use negatively predicts Surface Learning Pattern, although
the effect size was modest (R2 = .042). This indicates that as ethical Al use increases, tendencies toward
rote memorization, minimal effort, and shortcut-based academic behaviour decline. However, the
relatively low variance explained suggests that surface learning is influenced by multiple competing
factors beyond Al use. However, the statistically significant negative relationship confirms that unethical
Al practices such as blind copying, and over-reliance on auto-generated answers, are directly linked with
surface-level learning behaviours, as also warned by Stokel-Walker and VVan Noorden (2023).

From a Pakistani perspective, these findings are highly significant. While recent studies confirm that
Pakistani university students increasingly use Al tools such as ChatGPT (Balgees et al., 2024; Ashraf et
al., 2025), concerns about weak digital ethics, plagiarism, and lack of institutional Al governance remain
widespread (Azeem et al., 2025). This study extends that body of work by showing that ethical readiness
is not merely a moral issue, but it is directly linked to the quality of learning itself. Pre-service teachers
who demonstrate ethical Al behaviour are not only more honest academically but also better learners
cognitively and strategically. The findings also strongly support a recent UNESCO’s position that ethical
Al literacy should be treated as a core professional competency for teachers, not merely as a regulatory
requirement (Holmes & Miao, 2023). Since pre-service teachers serve as future role models of digital
behaviour, their current Al practices are likely to be replicated in school classrooms. If ethical Al use is
not explicitly taught and assessed during teacher preparation, there is a serious risk of normalizing
unethical digital shortcuts in future generations of learners.

The study recommends that Ethical Artificial Intelligence Use should be integrated as a compulsory
component of all pre-service teacher education programmes to promote responsible digital learning
practices. Teacher educators should receive regular professional development on ethical Al use to model
responsible practices in teaching, assessment, and research supervision. Universities should establish clear
institutional Al ethics policies defining acceptable use, disclosure requirements, and penalties for misuse.
The Higher Education Commission of Pakistan should issue national ethical Al guidelines, link ethical Al
literacy with accreditation standards, and support Al-ethics research across Pakistani universities.

Despite its contributions, this study has certain limitations. The data were collected from a single public
sector university, which may limit generalizability. The study relied on self-reported measures, which
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may be influenced by social desirability bias. The relatively low R? value for surface learning indicates
that additional psychological, institutional, and cultural predictors should be examined in future research.
Future studies may use mixed-method designs to explore how students actually use Al during learning
tasks, investigate discipline-wise differences in ethical Al use and learning patterns, and examine
mediating variables such as self-regulated learning, assessment pressure, and digital anxiety. Longitudinal
studies can also be conducted to track how ethical Al habits evolve across teacher education programmes.

REFERENCES

Abbas, M., Jam, F. A., & Khan, T. I. (2024). Is it harmful or helpful? Examining the causes and
consequences of generative Al usage among university students. International Journal of
Educational Technology in Higher Education, 21, 10. https://doi.org/10.1186/s41239-024-00444-
7

Ashraf, M. A., Alam, J., & Kalim, U. (2025). Effects of ChatGPT on students’ academic performance in
Pakistan higher ~ education  classrooms. Scientific Reports, 15(1), 16434,
https://doi.org/10.1038/s41598-025-92625-1

Azeem, A., Siddiqui, G. K., & Ali, M. S. Z. (2025). Impact of artificial intelligence on academic integrity:
Exploring teachers’ and students’ perspectives. Journal of Development and Social Sciences,
6(1), 499-507.

Balgees, A., Syed, A., & Ullah, S. (2024). Utilizing ChatGPT to elevate teaching and learning in
Pakistani universities. Pakistan Social Sciences Review, 8(3), 862—-874.

Bano, S., & Mehdi, S. A. (2024). Systematic review: Generative artificial intelligence (GAI) and artificial
intelligence (Al) and learning in elementary and secondary schools. Pakistan Social Sciences
Review, 8(4), 209-219.

Biggs, J., & Tang, C. (2011). Teaching for quality learning at university (4th ed.). Open University Press.

Bittle, K., & El-Gayar, O. (2025). Generative Al and academic integrity in higher education: A systematic
review and research agenda. Information, 16(4), 296. https://doi.org/10.3390/info16040296

Chan, C. K. Y., & Hu, W. (2023). Students’ voices on generative Al: Perceptions, benefits, and
challenges in higher education. International Journal of Educational Technology in Higher
Education, 20, 43. https://doi.org/10.1186/s41239-023-00411-8

Chen, J., Zhuo, Z., & Lin, J. (2023). Does ChatGPT play a double-edged sword role in the field of higher
education? An in-depth exploration of the factors affecting student performance. Sustainability,
15(24), 16928. https://doi.org/10.3390/su152416928

Diseth, A. (2007). Approaches to learning, course experience and examination grade among
undergraduate psychology students: Testing of mediator effects and construct validity. Studies in
Higher Education, 32(3), 373-388. https://doi.org/10.1080/03075070701346949

Entwistle, N., & Ramsden, P. (1983). Understanding student learning. Croom Helm.

Garzon, J., Patifio, E., & Marulanda, C. (2025). Systematic review of artificial intelligence in education:
Trends, benefits, and challenges. Multimodal Technologies and Interaction, 9(8), 84.
https://doi.org/10.3390/mti9080084

Hair, J. F., Babin, B. J., Anderson, R. E., & Black, W. C. (2019). Multivariate data analysis (8th ed.).
Pearson.

https://academia.edu.pk/ |DOI: 10.63056/ACAD.004.04.1183| Page 3314



https://academia.edu.pk/
https://doi.org/10.1186/s41239-024-00444-7
https://doi.org/10.1186/s41239-024-00444-7
https://doi.org/10.1038/s41598-025-92625-1
https://doi.org/10.3390/info16040296
https://doi.org/10.1186/s41239-023-00411-8
https://doi.org/10.3390/su152416928
https://doi.org/10.1080/03075070701346949
https://doi.org/10.3390/mti9080084

ACADEMIA International Journal for Social Sciences
Volume 4, Issue 4, 2025 ISSN-L (Online): 3006-6638

Heung, Y. M. E., & Chiu, T. K. F. (2025). How ChatGPT impacts student engagement from a systematic
review and meta-analysis study. Computers and Education: Artificial Intelligence, 8, 100361.
https://doi.org/10.1016/j.caeai.2025.100361

Holmes, W., & Miao, F. (2023). Guidance for generative Al in education and research. UNESCO.
https://doi.org/10.54675/EWZM9535

Kasneci, E., SeBler, K., Kiichemann, S., Bannert, M., Dementieva, D., Fischer, F., ... & Kasneci, G.
(2023). ChatGPT for good? On opportunities and challenges of large language models for
education. Learning and Individual Differences, 103, 102274,
https://doi.org/10.1016/j.lindif.2023.102274

Marton, F., & Sé&ljo, R. (1976). On qualitative differences in learning: I—Outcome and process. British
Journal of Educational Psychology, 46(1), 4-11. https://doi.org/10.1111/j.2044-
8279.1976.th02980.x

Rasheed, B., Shahzadi, U., & Usama, M. A. (2025). Teacher educators’ perspectives on integrating Al
tools in teacher education programs: A symbolic interactionist study from Pakistani universities.
The Knowledge, 4(3), 93—-101. https://doi.org/10.55737/tk/2k25¢.43088

Siddiqui, S., Saleem, M. F., & Kazmi, A. B. (2018). Drifts of parenting styles and rage among juveniles:
A research study of Pakistani families residing in Pakistan and abroad. The Family Journal.
https://doi.org/10.1177/1066480718811325

Stokel-Walker, C., & Van Noorden, R. (2023). What ChatGPT and generative Al mean for science.
Nature, 614(7947), 214-216. https://doi.org/10.1038/d41586-023-00340-6

Tabachnick, B. G., & Fidell, L. S. (2019). Using multivariate statistics (7th ed.). Pearson.

Tuononen, T., Parpala, A., & Lindblom-Ylanne, S. (2020). Complex interrelations between academic
competences and students’ approaches to learning — Mixed-methods study. Journal of Further
and Higher Education, 44(8), 1080-1097. https://doi.org/10.1080/0309877X.2019.1648776

Valadas, S. T., Almeida, L. S., & Aradjo, A. M. (2017). The mediating effects of approaches to learning
on the academic success of first-year college students. Scandinavian Journal of Educational
Research, 61(6), 721-734. https://doi.org/10.1080/00313831.2016.1188146

Zhai, X. (2022). ChatGPT user experience: Implications for education.  SSRN.
https://doi.org/10.2139/ssrn.4312418

https://academia.edu.pk/ |DOI: 10.63056/ACAD.004.04.1183| Page 3315



https://academia.edu.pk/
https://doi.org/10.1016/j.caeai.2025.100361
https://doi.org/10.54675/EWZM9535
https://doi.org/10.1016/j.lindif.2023.102274
https://doi.org/10.1111/j.2044-8279.1976.tb02980.x
https://doi.org/10.1111/j.2044-8279.1976.tb02980.x
https://doi.org/10.55737/tk/2k25c.43088
https://doi.org/10.1177/1066480718811325
https://doi.org/10.1038/d41586-023-00340-6
https://doi.org/10.1080/0309877X.2019.1648776
https://doi.org/10.1080/00313831.2016.1188146
https://doi.org/10.2139/ssrn.4312418

