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Abstract
The study adopts quantitative, cross-sectional and explanatory research design with harmonized analytical
sample of 3999 students from first, second and third year academic levels. The students' level of preparation
for digital learning, their level of use ofArtificial Intelligence(AI) and their learning outcomeswere assessed
using composite indicators based on the technological, behavioural and academic indicators. Descriptive
statistics, groupcomparison tests, Pearson correlation analysis andhierarchicalmultiple regressionwereused.
The results indicated thatdigital learningreadiness andAIadoptionweregenerallyat amoderate tohigh level
formost students, and academic performancewasmostly at amoderate level.Demographic and behavioural
factors explained 32% of the variance in EJSS scores, with digital learning readiness accounting for the
remaining variance and contributing positively.Demographic and behavioural factors accounted for 32% of
the variance in EJSS scores and digital learning readiness was a significant positive independent predictor,
when controlling for the demographic and behavioural factors. Students' academic achievement was much
higher for those with high readiness compared to moderate and low readiness. However, there was no
significant relationship between academic performance and AI adoption, nor was the interaction between
digital learning readiness and AI adoption significant. There were positive associations between concept
understanding and academic performance, as well as between attendance and academic performance. The
research findings indicate that being technologically prepared is more directly linked to students' learning
outcomes than the level of AI use. Higher education institutions, therefore, have the responsibility for
enhancing digital competence, self-directed learning, responsible AI literacy, and pedagogically guided
technologyintegration toboostacademic resu006Cts.
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1. Introduction
Digital transformation has transformed the education sector, providing greater access to
online platforms, digital resources, virtual classrooms, and intelligent learning systems in
the domain of higher education. The use of technology in teaching is gaining ground in
universities to provide flexibility, engagement and continuity in learning. The use of e-
learning services has been linked with sustainable learning practices and enhanced
academic outcomes when the students have the capability and willingness to learn using
these services (Alam et al., 2021). Active mixed learning can also be used as a tool to
enrich students' learning experiences, by fostering students' participation, interaction and
responsibility for learning (Armellini et al., 2021).
Digital learning readiness is defined as students' readiness to engage successfully in
learning through technology. It involves access to devices and internet services, digital
competence, self-directed learning, communication skills, motivation and confidence in
the use of online platforms. Readiness is crucial because students with a lack of
technological skills and a weak self-regulation ability will find it difficult even if they
have access to digital learning systems. Joosten and Cusatis (2020) highlighted that
online learning readiness has several behavioural and technological aspects which affect
students success. There is also cross-national evidence showing that the readiness of
university students to utilize digital media and online learning tools varies significantly
among different groups (Küsel et al., 2020). Other factors that have been associated with
online readiness include satisfaction, self-regulation, and academic success (Yavuzalp &
Bahcivan, 2021). Artificial Intelligence(AI) has added another layer of significant
importance in the field of education. AI tools can be used to enhance personalized
learning, provide automated feedback, create content, evaluate learning, and facilitate
academic decision-making. While not without challenges, AI is poised to revolutionize
higher education, as discussed by Bates et al. (2020). Hwang et al. (2020) also recognized
personalization, intelligent tutoring and adaptive learning as some of the biggest
opportunities that come with the application of AI in education. Generative AI is helping
to drive students closer to intelligent technologies. Students are more and more relying on
applications like ChatGPT to explain concepts, generate summaries, create assignment
content, solve problems, and get instant feedback. Overall, university students view
generative AI as a helpful, accessible, and learning-enabling tool, but with some
reservations about accuracy, dependence, privacy and academic honesty issues (Chan &
Hu, 2023).
The factors that affect the acceptance of ChatGPT include perceived usefulness, ease of
use, social influence and facilitating conditions (Strzelecki, 2024). The intention to use
ChatGPT was also reported in studies by Habibi et al. (2023) to be depending on both the
technical acceptance and educational expectation of students. Studies have yielded
conflicting results on the impact of AI on education. When AI tools are used as a support
mechanism instead of a replacement for critical thinking, they can enhance the learning
process and encourage self-education, potentially boosting learning outcomes (Boubker,
2024). The use of generative AI can boost achievement by increasing feelings of self-
efficacy and cognitive engagement (Liang et al., 2023). Based on current experimental
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evidence, ChatGPT has the potential to enhance learning in a controlled educational
environment (Deng et al., 2025). But over-reliance on the quick AI response can reduce
critical thinking, originality, and mental work (Essel et al., 2024). A SWOT analysis of
ChatGPT also revealed educational possibilities and threats such as misinformation,
dependence, and assessment integrity (Farrokhnia et al., 2024). Digital learning
conditions continue to be relevant to academic outcomes as well. The use of pre-recorded
and live online lectures could be helpful to achievement in different ways contingent on
students' learning preferences and engagement (Le, 2022). Digital devices can enhance
academic performance or detract from it when they are used for academic tasks or for
other purposes (Limniou, 2021). The factors affecting academic achievement in online
courses include participation, motivation, course structure, and readiness of the students
(Choi, 2021). In addition, graduate students report that access to and interaction with and
personal learning management influence achievement in online settings (Omar et al.,
2021).
Digital competence can thus be considered as a basis for effective involvement in
technology-rich education (López Aguilar et al., 2022). The educational technology of
digital learning and learning outcomes are also significant factors in determining whether
they can be transferred to meaningful learning outcomes (Nikou & Aavakare, 2021).
According to recent reviews, ChatGPT can be used to aid teaching and learning, but this
depends on the discipline, the design of the task, and the way in which it is used (Lo,
2023). Additionally, there is some evidence suggesting that generative AI can enhance
learning outcomes for university students as well, but the amount of improvement relies
on the context of the learning and how it is used responsibly ( Chen & Cheung, 2025).
Even though the adoption of technology is important, it is not enough to ensure the
achievement of learning outcomes, it is still necessary to prepare students for online
learning (Sukmawati, 2022). Therefore, this study is designed to explore the relationships
between digital learning readiness, AI adoption, and academic performance of university
students. It is applicable to students with varying academic levels and profiles of learning
in a multidisciplinary environment in higher education.
The aims are to Gauge the current digital learning readiness level and AI adoption level
of students. Compare academic performance across the categories of digital learning
readiness and AI adoption. Explore the correlation between the major constructs.
Examine the relationship between digital learning readiness and AI adoption as they
relate to academic performance. Test the independent and independent-interactive
relationship between digital learning readiness and AI adoption as they relate to academic
performance. Identify differences in academic performance across various categories of
digital learning readiness and AI adoption. Identify differences in academic performance
based on students' AI adoption level. Identify differences in academic performance based
on students' digital learning readiness level.

2. Methodology
2.1 Research Design and Study Population
The research design in this study was quantitative, cross sectional, and explanatory in
nature to see the relationships between digital learning readiness and the use of artificial
intelligence with academic performance of university students. A multidisciplinary
approach was adopted by having students from various levels and learning profiles. This
analytical sample comprised 3999 students from first-, second-, and third-year university
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students (Abdullah Rashid, 2025). Demographic, behavioural, technological, and
academic information were provided for each observation to assess the proposed
relationships (Shamim, 2024). The records have been assembled from two structured
student level data sources, neither of which included a common identification variable.
Thus, it was not feasible to link individual-level records. A profile-matching process was
conducted to achieve the integration of similar observations with regard to age, gender,
study intensity, attendance, examination performance and assignment performance. Data
were used as a harmonized analytical sample instead of as data collected from the same
respondents at one time. Before analysis, duplicate entries were identified, incomplete
records were checked, categories were checked for consistency, and values were
compared to see if they were outside of reasonable bounds.

2.2 Variables and Measurement
The initial explanatory construct was digital learning readiness. It was evaluated with
indicators that involve with Internet access, availability of digital resources, participation
in online courses, online discussion involvement, use of educational technology in the
process of study, completion of assignments, motivation to learn, attendance, and study
behaviour. These were standardized and then aggregated together to create a Digital
Learning Readiness Index (DLRI) on a scale of 0-100. The higher the scores, the more
prepared they were to be effectively involved in technology-mediated learning. AI
adoption was included in the study based on the following indicators AI-use status,
duration of use of AI daily, number of prompts used per week, types of AI tools used,
purpose of using AI, level of dependence on AI, percentage of content generated by AI,
and scores for responsible use of AI or AI-ethics. The indicators were then harmonised
across the different measurement scales and then aggregated into an AI Adoption Index
(0-100). Higher scores indicated a higher level of engagement with academic activities
with the help of AI. Academic performance was used as the primary outcome variable. It
was assessed with the help of examination scores, average score on assignments, final
score, attendance, concept-understanding scores, consistency of study, improvement rate,
assignment completion, and pass status. The measures were standardized and
consolidated into an Academic Performance Index. To make a descriptive comparison,
the three indices were also divided into low, moderate, and high. Control variables
included were age, gender, academic year, study hours, sleep hours, social-media usage,
tutoring hours, class participation, stress level, and learning style.

2.3 Data Preparation and Quality Assessment
All variables were restructured for standardization of names, category recoding,
numerical conversion, missing value check, outlier detection, and scale harmonization as
part of the data-preparation process. The composite indices were created by aggregating
continuous indicators measured on different scales which were standardized to 0-100.
Wherever conceptually feasible, items that measured negative aspects of the variables
were reverse coded.
The internal reliability of the composite measures was assessed by internal reliability
analysis. The item–total relationships and correlation patterns were analysed to ensure the
selected indicators had good coverage of the constructs they represented. Tolerance
statistics and variance inflation factors were used to check for multicollinearity.
Skewness, Kurtosis, Histograms and normality tests were used to assess the distributional
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assumptions.

2.4 Statistical Analysis
Descriptive statistics such as frequencies, percentages, means, standard deviations,
minimums and maximums were computed to summarize the student characteristics and
the three main indices. Independent-samples t-tests and one-way analysis of variance
were conducted to compare differences between gender, academic year, AI-use status and
readiness categories. For situations in which the distributional assumptions were not met,
non-parametric alternatives were used. Pearson correlation analysis was used to
determine the direction and strength of associations among digital learning readiness, AI
adoption, and academic performance.
A hierarchical multiple regression analysis was then performed to account for the
individual effects of digital learning readiness and AI adoption while accounting for the
effects of the demographic and behavioural characteristics. An interaction effect between
digital learning readiness and AI use was added to measure whether readiness further
enhanced the academic gains from using AI. A 5% level of significance was used for the
statistical significance, and standardized coefficients, confidence interval, model fit and
effect sizes were reported for the interpretation.

2.5 Ethical Considerations
The study was based on anonymized student-level data, which did not contain names,
contact details, institutional identifiers or other information that could be used to identify
the student. Only academic research was permitted to use the data and it was kept
securely to ensure that no unauthorised use was made of it. Results were presented in
summary form to prevent names from being given of any student or institution. All
principles of confidentiality, responsible data use and research integrity were taken into
account in performing the analysis.

3. Results
3.1 Participant Profile and Descriptive Statistics
Three thousand, nine hundred and ninety-nine university students were analyzed. Male
students made up 49.6% of the sample, female 46.8% and 3.6% selected other gender
category. The distribution of students by academic year was fairly even (33.9% in the
first year, 32.7% in the second year and 33.4% in the third year). About 63.8% of the
students said that they used AI tools for academic or learning activities. The average
Digital Learning Readiness Index was found to be at 60.70 ± 13.42 (moderate). The mean
AI Adoption Index was 58.28 ± 16.23 and the Academic Performance Index averaged
60.17 ± 12.00. The three indices were found to be reasonably symmetrically distributed
as the median values did not differ much from the mean values and the skewness
coefficients were small. Table 1 presents the demographic and academic profile of the
3,999 university students, such as gender, academic year, AI-use, and descriptive
statistics of digital learning readiness, AI adoption and academic performance. From this,
it is clear that the three main indices are generally distributed in bell shapes with AI
adoption manifesting more variation than digital learning readiness and academic
performance (as shown in Figure 1).
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Table 1. Participant characteristics and descriptive statistics
Variable Category/measure n (%) or Mean

± SD
Minimum–
Maximum

Gender Female 1,872 (46.8%) —
Male 1,985 (49.6%) —
Other 142 (3.6%) —

Academic year First year 1,356 (33.9%) —
Second year 1,309 (32.7%) —
Third year 1,334 (33.4%) —

AI-use status Uses AI 2,551 (63.8%) —
Does not use AI 1,448 (36.2%) —

Digital learning
readiness

Continuous index 60.70 ± 13.42 8.80–99.20

AI adoption Continuous index 58.28 ± 16.23 7.25–97.99
Academic
performance

Continuous index 60.17 ± 12.00 24.06–92.86

Figure 1. Distribution of digital learning readiness, artificial intelligence adoption,
and academic performance index scores among university students

3.2 Levels of Digital Readiness, AI Adoption, and Academic Performance
The majority of students were in the “moderate digital learning readiness” category.
Specifically, 62.5% of the students (2498) were moderately ready, while 1,398 students
were high ready. There were 103 students identified as "low digital learning readiness.
Likewise, a moderate uptake of AI was noted among 2350 students representing 58.8%
of the sample. 1,357 students were identified as high adopters of AI, and 292 students
were identified as low adopters of AI. The majority of students' academic performance
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was moderate, 2308 students, or majority of the students was in moderate category. 868
students were reported as high achievers while 823 were reported as low achievers. Table
2 reveals that the majority of students were in the moderate range of digital learning
readiness, AI adoption, and academic performance with relatively fewer students being in
the low-readiness range. As can be seen in Figure 2, academic performance has shown a
steady improvement with the progressive increase in the degree of readiness of the
students in the low-readiness group, moderate-readiness group, and high-readiness group,
respectively.

Table 2. Distribution of the principal study constructs by category
Construct Category Frequency Percentage
Digital learning
readiness

Low 103 2.6%

Moderate 2,498 62.5%
High 1,398 35.0%

AI adoption Low 292 7.3%
Moderate 2,350 58.8%
High 1,357 33.9%

Academic
performance

Low 823 20.6%

Moderate 2,308 57.7%
High 868 21.7%

Figure 2. Mean academic performance index across low, moderate, and high digital
learning readiness categories error bars represent 95% confidence intervals

https://jmsk.org/index.php/JMSK


Journal of Multidisciplinary Scientific Knowledge

20

3.3 Group Differences in Academic Performance
Significant differences in academic performance was found between the digital learning
readiness groups (F = 82.19) (p < 0.001). The average scores of the students were highest
for the high readiness level and lowest for the low readiness level. However, there was no
significant difference between the three categories of AI in academic performance (F =
1.38, p = 0.252).
The average performance scores were not significantly different between low, moderate
and high AI adopters. Gender and academic year, as well as general AI-use status, did not
show any statistically significant differences. As indicated in Table 3, there were
significant differences between the academic performance of the various digital learning
readiness categories, but no significant differences in academic performance between the
various categories of AI adoption, gender, academic year, and AI-use status.

Table 3. Comparison of academic performance across student groups
Grouping variable Category n Academic

performance
Mean ± SD

Test statistic p-
valu
e

Digital learning
readiness

Low 103 53.56 ± 10.86 F = 82.19 <0.0
01

Moderate 2,498 58.73 ± 11.94
High 1,398 63.23 ± 11.50

AI adoption Low 292 59.08 ± 12.15 F = 1.38 0.25
2

Moderate 2,350 60.19 ± 12.03
High 1,357 60.36 ± 11.90

Gender Female 1,872 60.12 ± 12.00 F = 0.09 0.91
7

Male 1,985 60.19 ± 11.98
Other 142 60.54 ± 12.34

Academic year First year 1,356 59.98 ± 12.06 F = 1.12 0.32
8

Second
year

1,309 59.96 ± 11.72

Third year 1,334 60.57 ± 12.19
AI-use status Non-user 1,448 60.02 ± 12.06 t = −0.61 0.54

5
User 2,551 60.26 ± 11.96

3.4 Correlation Analysis
The result of Pearson correlation analysis for academic performance and digital learning
readiness was r = 0.220, p< 0.001, which indicates that there was a positive correlation
between the two variables. This suggests that learning outcomes were more positive
overall for students who were more ready to learn in digital learning environments.
There was no significant correlation between using AI and academic performance (r =
0.009, p = 0.589). There was also no association between digital learning readiness and
the use of AI, (r = 0.005), (p = 0.756). The concept understanding was the most highly
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correlated with academic performance (r = 0.427), (p < 0.001), followed by attendance (r
= 0.145), (p < 0.001), among the academic variables that were supporting. As seen in
Table 4, there was a positive correlation between digital learning readiness and academic
performance, attendance and concept understanding, with no significant relationship
between AI adoption and academic performance. The academic performance was the
highest positively correlated with concept understanding, followed by digital learning
readiness and attendance, while AI adoption did not have a significant correlation. (See
Figure 3)

Table 4. Pearson correlations among the principal study variables
Variable 1 2 3 4 5 6

1. Digital learning readiness 1.000
2. AI adoption 0.005 1.000
3. Academic performance 0.220*** 0.009 1.000
4. Study hours 0.015 −0.012 0.028 1.000
5. Attendance −0.056*** 0.044** 0.145*** 0.007 1.000
6. Concept understanding −0.013 −0.004 0.427*** 0.020 0.008 1.000
*Note: **p < 0.01; **p < 0.001.
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Figure 3. Pearson correlation matrix for digital learning readiness, AI adoption,
academic performance, study hours, attendance, and concept understanding

3.5 Predictors of Academic Performance
To answer the question of whether digital learning readiness and AI adoption
independently predicted academic performance, hierarchical multiple regression was
used. There was no significant difference in academic performance found in the control-
only model (R^2 = 0.001), and adjusted (R^2 = -0.001) (p = 0.950).
The inclusion of digital learning readiness and the adoption of AI brought this explained
variance to 4.9% with a change in (R^2) of 4.8%. Digital learning readiness emerged as a
statistically significant positive predictor of academic performance, (\beta = 0.220), (t =
14.24), (p < 0.001), 95% CI [0.190, 0.250]. This finding indicates that a one-standard-
deviation increase in readiness was associated with an approximately 0.22-standard-
deviation increase in academic performance after accounting for demographic and
behavioural characteristics.
AI adoption did not independently predict academic performance, (\beta = 0.008), (t =
0.54), (p = 0.590), 95% CI [−0.022, 0.039]. The interaction between digital learning
readiness and AI adoption was also non-significant, (\beta = -0.013), (p = 0.415). The
relationship between digital learning readiness and the use of AI was non-significant as
well, (\beta = -0.013), (p = 0.415). Thus, there was no significant difference between the
relationships of the use of AI and performance among students with different levels of
digital learning readiness.
The final regression model explained 4.9% of the variance in academic performance,
(R^2 = 0.049), adjusted (R^2 = 0.046), (F = 17.23), (p < 0.001). Figure 4 highlights that
only digital learning readiness was a significant positive predictor of academic
performance, with the confidence intervals for AI adoption and interaction with readiness
crossing zero.
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Figure 4. Standardized regression coefficients and 95% confidence intervals for
digital learning readiness, AI adoption, and their interaction in predicting academic

performance

4. Discussion
The results show that the general digital learning readiness, AI adoption, and academic
performance of most university students were moderate to high. The overall mean Digital
Learning Readiness Index was that generally students were prepared to engage in
technology-supported education ,however, readiness was not even distributed. The
findings align with the idea of online learning readiness being multidimensional and
influenced by access to technology, motivation, self-management and communication
competence (Joosten & Cusatis, 2020). It also aligns with findings that students'
readiness for digital learning differs, depending on their previous experience and
confidence of educational technologies (Küsel et al., 2020). Academic performance was
found to be related positively with digital learning readiness to a significant extent. There
were significant differences between the academic performance scores of students in the
high-readiness group compared to the moderate- and low-readiness groups. This
discovery implies that preparedness helps students to utilize online sources, work on
assignments, engage in online activities and handle learning more effectively. Yavuzalp
and Bahcivan (2021) reported similar relationships between e-learning readiness, SRL,
satisfaction and academic achievement.
This also reinforces the finding that when students are ready to learn through e-learning,
their performance in learning is enhanced by providing effective e-learning services
(Alam et al., 2021). The regression analysis results showed that digital learning readiness
is the most significant independent factor affecting academic achievement among the
constructs. While the overall explained variance was not large, evidence suggests that
readiness is a factor that influences achievement in addition to demographic and
behavioural factors. Faster and more proficient student digital skills learners might be
more likely to navigate learning platforms, assess online information, engage with
teachers and utilize technology for learning. In research carried out during periods of
learning with the use of technology, emphasis is given to the importance of digital
competence for university achievement (López Aguilar et al., 2022). Likewise, Nikou
and Aavakare (2021) suggested that digital literacy has an impact on how students can
make use of the technologies in higher education. By contrast, there were no significant
direct relationships between academic performance and the use of AI. Students'
performance scores were relatively the same across different levels of AI adoption (Low,
Moderate and High).
The study reveals that regular use of AI doesn't necessarily lead to better academic
performance. The impact of AI on education might be more about how and why it is used
than how strident. While students appreciate the convenience and personalized support of
generative AI, they are also concerned about reliability and overreliance (Chan & Hu,
2023). The same results were found by Strzelecki (2024), who determined that perceived
usefulness and ease of use are associated with acceptance of ChatGPT, potentially
leading to increased adoption without increased achievement. The non-significant AI
effect stands out from studies that find positive learning outcomes when using structured
AI. Boubker (2024) discovered that when students use AI to reinforce their understanding
and for personal learning, it can assist with self-education. According to Liang et al.
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(2023), generative AI interaction could have a positive impact on achievement via self-
efficacy and cognitive engagement. This distinction could be attributed to the present
study looking at the adoption of AI as a broader term and examining how often, for how
long, with which prompts, with which tools, for which purpose, and to what extent, AI
has been used.
High adoption can thus be viewed as productive learning and as an unconsciously
sustained dependence on created content. The findings align with the apprehension that
students might be tempted to use AI-generated responses without thorough evaluation
and self-critique, which can diminish their cognitive effort in the process. Essel et al.
(2024) highlighted that AI-based conversational systems have the potential to have both
positive and negative impacts on the cognitive capabilities of undergraduate students.
Farrokhnia et al. (2024) also found dependency, misinformation, and originality issues to
be significant vulnerabilities. Thus, AI adoption must go hand-in-hand with AI literacy,
ethical advice, source checking, and task design that calls for critical engagement. Digital
learning readiness and the use of AI was also non-significant. Thus, readiness has no
significant impact on the relationship between the use of AI and academic achievement.
One possible reason is that readiness is linked to wider academic practices, while AI use
is an aspect of a specific technological practice that requires context for its usefulness.
Assessment of educational impacts for ChatGPT has also resulted in mixed findings
across disciplines, assessment types, pedagogical designs, and so on (Lo, 2023). Recent
meta-analytic evidence shows that generative AI can yield better results when used in a
structured and guided manner aligned with learning goals (Chen & Cheung, 2025). The
correlation between concept understanding and academic performance was the highest
and attendance also had positive correlation. This suggests that good achievement
continues to link closely with understanding and active engagement. Choi (2021) also
found that engagement and course-related behaviours are associated with success in
online courses in a university setting. Le (2022), found that the effectiveness of online
lecture formats depend on the interaction and management of the lecture activities
performed by the participants, which are the students.
In conclusion, the results indicate that universities should first become ‘digital ready’ and
then look to drive academic excellence with the use of AI technologies. Institutions
should offer digital-skills training, structured AI guidance, ethical-use policies, and
learning activities to encourage independent thinking. AI should be seen as an academic
assistant and not as an automatic solution to raising achievement.

5. Conclusion
This empirical study of a multi-disciplinary nature explored the relationships between
digital learning readiness, adoption of AI and academic performance of 3,999 university
students. The results indicated that the level of digital learning readiness and AI adoption
for the majority of students was in the medium to high range and that the level of
academic performance was mostly medium. The most prominent factor was digital
learning readiness, which was related to academic success. Students in the high readiness
group performed significantly better academically than students in the moderate and low
readiness groups and readiness was significantly and positively related to students'
academic performance even after controlling for the effects of demographic and
behavioural characteristics. However, direct links with academic performance were not
statistically significant for AI adoption. Performance scores were found to be similar

https://jmsk.org/index.php/JMSK


Journal of Multidisciplinary Scientific Knowledge

25

across students with low, moderate and high levels of AI adoption. The relationship
between digital learning readiness and AI adoption was also non-significant, suggesting
that there was no independent positive impact on the academic impact of AI adoption
when one considers digital learning readiness. The results indicate that there is a need to
use AI more often and with greater intensity to enhance learning outcomes. The
educational impact of AI might hinge on the responsible, critical, and purposeful use of
these tools in the context of education. There were also positive correlations between
student performance and comprehension and between student performance and
attendance, which further emphasize that comprehension and attendance are important
factors in student success. In general, it is recommended that universities focus more on
the four areas of digital competence, self-directed learning skills, access to learning
technologies, and responsible AI literacy. AI tools are not meant to replace independent
thought, engagement, and knowledge of a topic but should be used as an aid. Therefore,
institutional training, moral guidelines, and pedagogically suitable practices with AI are
crucial to making technological use fruitful for academic purposes.
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