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Abstract

This meta-analysis examines the cognitive impact of Generative
Artificial Intelligence (GenAlI) tools on college students, focusing on
various levels of Bloom’s taxonomy. As GenAl integration in higher
education grows, understanding its influence on critical thinking,
problem-solving, and creativity is essential. Using a mixed-effects
model, we synthesized data from quantitative studies to explore
two moderators: cognitive skill level (e.g., understanding, apply-
ing, analyzing) and instructional context (instructed vs. unguided
use). Our findings indicate that GenAlI tools significantly enhance
lower-order cognitive outcomes, particularly in understanding and
applying concepts, with instructed use producing stronger positive
effects than unguided use. However, their impact on higher-order
cognitive skills, such as creating and evaluating, was minimal. These
results highlight the importance of tailoring GenAl integration to
task complexity and underscore the value of guided instruction in
maximizing its educational benefits. Educators should prioritize in-
structional strategies that encourage active engagement with GenAI
tools, particularly for fostering critical thinking and creativity.
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1 Introduction

In recent years, advancements in Generative Artificial Intelligence
(GenAI) have demonstrated its ability to solve complex problems, of-
fering new avenues for enhancing teaching and learning processes.
These tools promise to bolster cognitive outcomes by fostering
critical thinking, problem-solving, and creativity among college
students. For instance, the introduction of OpenAI's ChatGPT (Ope-
nAlI, 2023) along with its successive versions including ChatGPT-4o,
has highlighted its potential in providing formative/summative
assessments and generating code, bringing these tools to the fore-
front for educators and policymakers. However, while the potential
of GenAl in educational settings is widely recognized, there re-
mains a significant gap in understanding how these tools impact
different cognitive levels, as outlined in Bloom’s taxonomy (Bloom,
1956/2001)[1]. Moreover, the effectiveness of these tools may vary
depending on whether they are used in an instructed or unguided
manner, yet this aspect has received limited attention in existing
research. This meta-analysis aims to address these gaps by systemat-
ically reviewing and synthesizing empirical studies that investigate
the impact of GenAlI tools on college students’ cognitive outcomes.
Specifically, we focus on two key moderators: the cognitive level
targeted (e.g., understanding, applying, analyzing) and the instruc-
tional context of GenAl tools use.

1.1 Research Questions

Our study seeks to answer the following research questions:

(1) What is the overall impact of GenAlI tools on the cognitive
outcomes of college students?

(2) How do these effects vary across different levels of Bloom’s
taxonomy?

(3) Does the guided use of GenAl tools enhance cognitive out-
comes more effectively than unguided use?

By exploring these questions, this study contributes to the growing
body of literature on Al in education and provides valuable insights
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for educators and policymakers aiming to leverage GenAlI tools to
their full potential.

2 Literature Review

GenAl tools, particularly ChatGPT, have emerged as transformative
technologies in higher education. These tools provide automated
feedback, generate solutions, and enhance learning experiences.
Their use spans disciplines such as computer science, language
learning, and creative arts, where they assist students in under-
standing and applying knowledge efficiently. For example, studies
have shown that Al tools can reinforce foundational skills such as
comprehension, grammar, and programming syntax. Svendsen et
al. (2024)[16] demonstrated that pharmacy students using ChatGPT
showed improvements in understanding complex drug mechanisms.
Similarly, Lyu et al. (2024)[11] reported that Al tools helped novice
programmers debug code and improve syntax knowledge, reinforc-
ing the role of GenAl in supporting early learning stages.

Research examining the impact of GenAl tools often uses
Bloom’s taxonomy as a framework for evaluating cognitive out-
comes. Bloom’s taxonomy categorizes cognitive skills into lower-
order skills (e.g., remembering, understanding, and applying) and
higher-order skills (e.g., analyzing, evaluating, and creating). Mul-
tiple studies have demonstrated that GenAl tools are particularly
effective for lower-order cognitive processes. Mahapatra (2024)[12]
found that ESL students using ChatGPT received valuable formative
feedback that improved their grammatical accuracy and organiza-
tional skills, helping them achieve better comprehension and appli-
cation of writing principles. Similarly, Ododo, Essien, and Bassey
(2024)[13] showed that ChatGPT-supported learning increased stu-
dents’ self-efficacy in applying basic programming concepts.

In contrast, the impact of GenAlI tools on higher-order skills
remains less consistent. Jost, Taneski, and Karakatic (2024)[6] iden-
tified a negative correlation between reliance on Al tools and crit-
ical thinking skills in software development tasks, where deeper
analysis and independent problem-solving were required. Urban
et al. (2023)[17] observed modest improvements in creative tasks,
such as idea generation, but noted that students struggled to crit-
ically evaluate or refine Al-generated outputs without guidance.
These findings suggest that while GenAl tools excel at providing
immediate support for foundational learning, their role in fostering
higher-order cognitive skills requires further investigation.

The instructional context—whether students use GenAlI tools
with guidance or independently—has emerged as a key factor influ-
encing learning outcomes. Research consistently shows that guided
use of GenAl tools yields better results. Mahapatra (2024)[12]
demonstrated that students in structured ESL writing activities
achieved greater gains when specific prompts and feedback tasks
were provided. In dental education, Kavadella et al. (2023)[7]
found that students performed significantly better when instructors
guided them to critically engage with ChatGPT-generated content
for research purposes. These findings highlight the importance of
scaffolding in helping students maximize the benefits of Al tools
while maintaining active engagement.

In contrast, unguided use of GenAlI tools can lead to suboptimal
outcomes. Ododo, Essien, and Bassey (2024)[13] observed that stu-
dents using ChatGPT without instructional support struggled with
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tasks requiring abstraction and higher-order problem-solving. Simi-
larly, Jost, Taneski, and Karakatic (2024)[6] noted that over-reliance
on unguided Al use impeded students’ ability to develop critical
thinking skills independently. These studies emphasize the need
for structured integration of GenAlI tools into curricula, ensuring
that students are encouraged to engage critically with Al-generated
outputs.

3 Methods
3.1 Identification of Studies and Coding
Schemes

A computerized database search generated a pool of articles for
this meta-analysis using the query: "college student AND LLM AND
cognitive development AND learning OR ChatGPT OR GenAI". Broad
terms ensured wide coverage, with limits set to studies on college
students, published in English from January 2023 to September 2024,
and available online. This timeframe captured recent empirical
studies on generative Al and large language models (LLMs) in
education. The initial search identified 1,305 peer-reviewed articles,
which were screened for inclusion.

Screening criteria included: (a) title or abstract referencing col-
lege students, generative Al, and cognitive outcomes; (b) quasi-
experimental design (e.g., pre/post or control groups); (c) descrip-
tive statistics; and (d) sample size >10. Exclusions were based on:
(1) systematic reviews or non-empirical reports; (2) opinion-based
surveys; (3) lack of effect sizes or sufficient data; and (4) non-college
populations. This process yielded 15 studies.

A back-searching strategy, reviewing references of selected stud-
ies, identified 24 additional articles, of which three met the inclusion
criteria. The final sample included 18 studies (([2-4, 6-9, 11-21].).
These studies, along with GenAlI tools listed in Appendix 2, were
included in the meta-analysis.

To examine the moderation effects of cognitive levels and instruc-
tional contexts in ChatGPT use, we reviewed 18 papers. Studies
were categorized by cognitive skill level (lower-order: remember-
ing, understanding, applying; higher-order: analyzing, evaluating,
creating) and instructional context (instructed: guided use with
prompt guidelines or designated points; unguided: free use without
guidance).

Six STEM researchers with publication experience coded the
papers, with each paper reviewed by three coders for validation.
Final codes were based on majority consensus and used as input
for the moderator analysis.

3.2 Effect Size Computation

Most studies in this meta-analysis reported means and standard
deviations for experimental and control groups or pre- and post-
conditions, allowing effect sizes to be calculated. Cohen’s d, the
standardized mean difference, was adjusted using Hedges’ correc-
tion for small sample bias: (1 — ﬁ) Mes; M. , where N is the total
sample size, M, and M, are the means for experimental and control
groups, and Sy, is the pooled standard deviation. When these values
were unavailable, effect sizes were derived from other statistics,
such as Pearson correlations, using Lipsey and Wilson’s (2001)[10]
formulas.
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Figure 1: Forest Plot of the Mixed Effects Model
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Effect sizes were corrected for bias. To address the upward bias of
effect sizes in small samples, population effect sizes were estimated
using Hedges’ correction (Hedges, 1981)[5]. Additionally, inverse
variance weights were calculated for each effect size, allowing the
analyses to be weighted by inverse variance. This procedure gives
larger samples more influence in the analyses than smaller samples
(Lipsey & Wilson, 2001)[10].. In cases where a study provided more
than one effect size for the same sample, specific criteria were
applied to ensure consistency. For longitudinal studies, the effect
size was calculated based on the most recent measurement. If a
study provided multiple effect sizes from the same time point, the
effect size with the largest sample size was selected and included
in the analysis. Study# 13 (Yuan, 2024)[21] was excluded from the
analysis due to the reported unrealistically substantial large effect
size of 14.83. Such an extreme value could indicate a data entry
error, or a methodological issue, and including it could distort the
results.

3.3 Data Analysis

To address the research questions, data were analyzed using the
mixed-effects model (Lipsey& Wilson, 2001)[10] and Python 3.0’s
statsmodels package. There was no missing data in the analyses.
The mixed-effects model assumes that variability among effect
sizes can be explained by both fixed effects (sampling error and
moderators) and random effects (reliable deviation of a study from
the mean of the population effect sizes distribution). This approach
is preferable to using either fixed-effects or random-effects models
alone, as it accounts for variability among effect sizes through both
moderators and study-specific deviations, respectively.

To examine the heterogeneity of variance among the effect sizes,
Q statistics were computed. Moderator analyses were conducted
to determine whether the cognitive skill levels and/or the instruc-
tional context could explain the variability in effect sizes. These
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moderators were tested for significance using a multiple-regression-
with-categorical-predictor analysis.

4 Results

Although the test for homogeneity among effect sizes, Q 16y =20.82,
p=0.19, indicated no significant heterogeneity, mixed-effects models
with moderator analyses were still conducted. The fixed-effects
model assumes that all studies estimate the same true effect size, but
this assumption may not always hold in practice (Lipsey& Wilson,
2001)[10]. Mixed-effects models relax this assumption, allowing for
the possibility that each study may have a different underlying true
effect size, and that variability among studies could be influenced
by potential moderators.

Figure 1 presents a forest plot of the data points, illustrating the
effect sizes and relative weights of the 17 studies included in the
analysis. The majority of the studies (15 out of 17) are positioned
to the right of the no-effect line, indicating positive effect sizes.
The effect sizes range from -0.73 to 4.43, with varying standard
errors, represented by the grey horizontal lines. The length of each
line reflects the uncertainty associated with each study’s effect size,
where shorter lines indicate more precise estimates. Overall, the
plot highlights the consistency of positive effects across the studies,
with only two studies showing negative effect sizes.

4.1 Mixed-effect Model with Bloom’s Taxonomy
Skill Level as One Moderator

A mixed-effects model estimated the overall effect size and exam-
ined Bloom’s Taxonomy Skill Level as a moderator. The overall
effect size was 1.34 (95% CI: 1.17, 1.50), indicating a significant posi-
tive impact of GenAl tools on college students’ cognitive outcomes.
Bloom’s Skill Level (lower- vs. higher-order) significantly moder-
ated the effect size (f = —1.14,p < 0.001), with smaller effects
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Figure 2: Funnel Plot of the Studies
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observed for higher-order skills. Random-effect variance (r?) was
0.52, reflecting moderate between-study variability.

Model fit indices (AIC: 55.34; BIC: 55.84) supported the inclusion
of random effects. These findings highlight the consistently positive
impact of GenAl tools on learning, moderated by cognitive skill
levels. Statistics are summarized in Table 1.

4.2 Mixed-effect Model with Instructional
Context as One Moderator

The second mixed-effects model included Instructional Context as
a moderator. The overall effect size was 0.46 (95% CI: 0.39, 0.53),
showing a significant positive impact of GenAl tools on learning.
Instructional Context (instructed vs. unguided) significantly moder-
ated the effect size (f = 0.83, p = 0.02), with guided use producing
effect sizes 0.83 larger. Random-effect variance (%) was 0.59, indi-
cating moderate variability.

Model fit indices (AIC: 55.13; BIC: 57.63) supported random ef-
fects. These results suggest that guided use of GenAl tools enhances
their positive impact on learning outcomes.

4.3 Mixed-effect Model with Bloom’s Taxonomy
Skills Levels and Instructional Context as
Two Moderators

A mixed-effects model examined the impact of Bloom’s Taxonomy
Skill Level and Instructional Context on the effect size of integrating
GenAl tools into college learning. The intercept was 0.93 (95% CI:

0
Effect Size

0.60, 1.27), indicating a significant positive effect of GenAl tools on
cognitive outcomes.

Both moderators significantly influenced effect sizes. Bloom’s
Skill Level (8 = —0.95,p < 0.05) showed smaller effect sizes for
higher-order skills (analyzing, evaluating, creating) compared to
lower-order skills (remembering, understanding, applying). Instruc-
tional Context (f = 0.53, p < 0.05) showed that structured guidance
led to greater cognitive gains than unguided use.

Random-effect variance (7) was 0.52, with fit indices (AIC: 53.75;
BIC: 55.23) supporting random effects. The third model, including
both moderators, had the best fit (AIC = 53.75, BIC = 55.23), outper-
forming models with individual moderators Table 1. These results
highlight the importance of structured guidance and lower-order
skills in maximizing the benefits of GenAlI tools.

5 Discussion

5.1 Impact on Lower-Order Cognitive Skills

The findings confirm that GenAlI tools are particularly effective at
improving lower-order cognitive skills. This result aligns with mul-
tiple studies where tools like ChatGPT provided immediate, correc-
tive, and tailored feedback. Svendsen et al. (2024)[16] demonstrated
that pharmacy students using ChatGPT to explain drug mechanisms
showed a significant improvement in comprehension compared
to students in the control group. Similarly, Lyu et al. (2024)[11]
reported that students using CodeTutor, a ChatGPT-powered assis-
tant, improved their syntax comprehension and debugging abilities



Generative Al Tools in Higher Education: A Meta-Analysis of Cognitive Impact

CHI EA ’25, April 26-May 01, 2025, Yokohama, Japan

Table 1: Mixed-effect Model Selection

Model | Intercept B Sig.(0.05) 72 AIC BIC

1 1.34 -1.14 P < 0.001 0.52 55.34 55.84

2 0.46 0.83 P <0.05 0.59 55.13 57.63

3 0.94 BBioom’s Binstructional PBioom’s Plustructional 0.52 53.75 55.23
-0.95 0.53 0.05 < 0.05

in introductory programming courses. The tool’s ability to deliver
real-time feedback enabled students to apply programming con-
cepts with greater precision.

In language learning, Mahapatra (2024)[12] found that ESL stu-
dents experienced significant gains in grammar, vocabulary, and
organizational skills when they received structured formative feed-
back through ChatGPT. This support reduced cognitive load and
allowed students to grasp foundational writing concepts more effi-
ciently. Additionally, Ododo, Essien, and Bassey (2024) [13]observed
increased programming self-efficacy among students in JAVA pro-
gramming courses, where ChatGPT facilitated task comprehension
and basic application of coding principles. These studies collec-
tively reinforce the conclusion that GenAlI tools excel at reinforcing
foundational knowledge and helping students achieve lower-order
cognitive outcomes.

5.2 Challenges with Higher-Order Cognitive
Skills

While GenAl tools demonstrate clear benefits for lower-order tasks,
their impact on higher-order cognitive processes is more limited.
Jost, Taneski, and Karakatic (2024)[6] reported a negative correla-
tion between reliance on LLMs and performance in tasks requir-
ing critical thinking, such as debugging and code generation. Stu-
dents who relied heavily on ChatGPT for advanced problem-solving
demonstrated poorer final grades, indicating that Al tools alone
may not support the deeper cognitive engagement required for
higher-order learning. Similarly, Urban et al. (2023)[17] found that
ChatGPT effectively supported idea generation in creative problem-
solving tasks but fell short in helping students evaluate and refine
those ideas independently. Without structured intervention, stu-
dents struggled to move beyond surface-level outputs generated by
the AL

Yuan (2024)[21] echoed these concerns in a study on Al-assisted
music composition. While ChatGPT boosted students’ motivation
and initial idea generation, instructor support was essential for
meaningful integration and refinement of Al outputs. These find-
ings highlight a key limitation: GenAlI tools can initiate and support
higher-order processes but fail to replace the need for critical re-
flection and instructor guidance. Without active learning strategies,
students risk becoming passive recipients of Al-generated content
rather than active participants in the learning process.

5.3 The Role of Instructional Context: Guided
vs. Unguided Use

Instructional context emerged as a key factor in moderating the
effectiveness of GenAl tools. Studies consistently demonstrate that

guided use—where students receive structured prompts, tasks, or in-
structional support—produces stronger cognitive gains compared to
unguided use. Kavadella et al. (2023)[7] found that dental students
using ChatGPT under instructor supervision achieved significantly
better outcomes in research assignments. Structured prompts en-
abled students to engage critically with AI outputs, ask precise
questions, and validate responses.

Similarly, Lyu et al. (2024)[11] reported that students in program-
ming courses achieved better problem-solving outcomes when pro-
vided with scaffolded coding tasks and targeted feedback. In this
guided setting, students were encouraged to actively analyze and
refine ChatGPT suggestions rather than accepting them passively.
Mahapatra (2024)[12] demonstrated a similar effect in ESL writ-
ing classrooms, where students provided with structured feedback
prompts showed more significant gains than those using ChatGPT
independently.

Conversely, unguided use of GenAl tools can limit learning out-
comes, particularly in tasks requiring abstract or higher-order think-
ing. Ododo, Essien, and Bassey (2024)[13] observed that students
who engaged with ChatGPT independently struggled with algo-
rithm design and complex problem-solving tasks. Without clear
instructional guidance, students may lack the critical scaffolding
needed to bridge the gap between Al-generated suggestions and
deeper cognitive processes. These findings highlight the importance
of thoughtful instructional strategies to ensure students interact
meaningfully with GenAl tools.

5.4 Over-Reliance on Al and Critical Thinking
Risks

The potential for over-reliance on GenAl tools presents a major
challenge. Jost, Taneski, and Karakatic (2024)[6] reported that stu-
dents who frequently relied on ChatGPT for critical tasks exhibited
poorer performance, suggesting that excessive dependence on Al
may undermine the development of critical thinking and indepen-
dent learning. This concern was echoed by Lyu et al. (2024)[11],
where students initially relied heavily on CodeTutor for program-
ming tasks but eventually preferred traditional teaching assistants
for complex problem-solving. Students cited the need for nuanced,
human-driven feedback, which Al alone could not provide.

This shift highlights a key risk: while GenAlI tools streamline
learning, they may inadvertently discourage deeper cognitive en-
gagement if students are not encouraged to critically evaluate and
refine Al-generated outputs. Educators must carefully balance Al
integration with activities that promote independent thought and
reflective learning to prevent the passive acceptance of Al sugges-
tions.
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5.5 Disciplinary Variability in Cognitive
Outcomes

The variability in outcomes across disciplines underscores the
context-sensitive nature of GenAl tool integration. In language
learning, Mahapatra (2024)[12] demonstrated that ChatGPT pro-
vided substantial benefits, particularly in improving organizational
skills and grammatical accuracy. Similarly, Yuan (2024)[21] found
strong motivational gains when ChatGPT was used to assist cre-
ative tasks such as music composition. These studies suggest that
GenAl tools excel in disciplines where foundational knowledge,
idea generation, and iterative refinement play central roles.

However, technical disciplines such as programming present a
more nuanced picture. While tools like CodeTutor improve basic
syntax comprehension and debugging skills, students often struggle
with higher-order problem-solving tasks when relying on Al alone.
This discrepancy emphasizes the need to tailor instructional strate-
gies to the specific demands of each discipline. In technical fields,
structured guidance becomes particularly critical to ensure that
students develop both foundational knowledge and independent
problem-solving abilities.

5.6 Publication bias

The funnel plot (Figure 2) shows that about a half of the studies fall
within the 95% confidence interval, and an imbalance in the distri-
bution—more studies clustered on the right side of the non-effect
line—suggests the potential presence of bias. The result of Kendall’s
tau rank correlation (7 = -0.03, p = 0.87) suggests symmetry, but it is
premature to rule out bias given the small sample size of 17 studies
published within a narrow timeframe (January 2023 to June 2024).
Future meta-analyses should include a broader and more diverse
sample of studies to ensure a more comprehensive and balanced
assessment of GenAI’s impact.

6 Conclusion

This meta-analysis provides crucial insights into how GenAl tools
like ChatGPT can significantly improve cognitive outcomes in col-
lege students, with an overall effect size of 0.94. The results clearly
demonstrate that these tools excel in enhancing lower-order cogni-
tive skills, such as understanding and applying, by reducing cog-
nitive load and providing instant, tailored feedback. For example,
studies like Mahapatra (2024)[12] and Lyu et al. (2024)[11] show-
cased notable improvements in ESL writing and programming skills
when structured prompts and guidance were provided.

However, the impact of GenAlI tools on higher-order skills—such
as analyzing, evaluating, and creating—remains limited. Over-
reliance on Al tools, as reported in studies like Jost et al. (2024)[6],
can hinder the development of critical thinking and problem-solving
abilities. This distinction emphasizes the need for educators to bal-
ance Al integration with traditional methods that foster deeper
cognitive engagement.

The instructional context emerges as a critical factor in maximiz-
ing the benefits of GenAl tools. Guided use, where students receive
structured prompts, feedback, or instructor support, yields signif-
icantly stronger outcomes than unguided, free use. For instance,
Kavadella et al. (2023)[7] demonstrated that structured research

Qu et al.

tasks enabled dental students to engage more critically with Al-
generated content, leading to improved learning outcomes.

These findings underscore the importance of aligning GenAlI tool
use with specific cognitive goals and instructional strategies. For
foundational knowledge, GenAlI tools offer a scalable and effective
means of reinforcing concepts, particularly in resource-constrained
settings. For higher-order skills, GenAlI should serve as a supple-
mentary aid, encouraging students to critically evaluate, refine,
and extend Al-generated outputs. Educators must design blended
learning environments that leverage the strengths of Al tools while
mitigating their limitations.

While the transformative potential of GenAl tools is vast, their
success depends on thoughtful, deliberate integration into curricula.
Policymakers should develop frameworks that emphasize guided
use and ensure alignment with cognitive skill development goals.
Future research should focus on long-term impacts, exploring how
GenAl can support not just foundational learning but also creativity,
critical thinking, and problem-solving in diverse disciplines.
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Study | Title Year Tool Used | Key Functionalities
#
1 Using a Chatbot to Provide Formative Feedback: | 2024 | Chatbot
A Longitudinal Study of Intrinsic Motivation, o Text generation
Cognitive Load, and Learning Performance e Formative feedback
2 Exploring the Use of ChatGPT as a Tool for | 2023 ChatGPT
Learning and Assessment in Undergraduate e Text generation
Computer Science Curriculum: Opportunities e Learning support
and Challenges
3 Leveraging ChatGPT for Enhancing Critical | 2023 ChatGPT
Thinking Skills e Enhancing critical thinking
through structured tasks
4 Computer Science Education in ChatGPT Era: | 2024 | ChatGPT
Experiences from an Experiment in a Program- e Programming assistance for
ming Course for Novice Programmers novice learners
5 Scaffolding Computational Thinking With Chat- | 2024 | ChatGPT
GPT o Scaffolding computational
thinking
6 Students’ Experiences of Using ChatGPT in an | 2024 | ChatGPT
Undergraduate Programming Course e Student learning feedback in
programming courses
7 The effect of generative artificial intelligence | 2023 ChatGPT
(AI)-based tool use on students’ computational e Improving computational
thinking skills, programming self-efficacy and thinking and programming
motivation skills
8 The Impact of ChatGPT on Language Learners’ | 2023 ChatGPT
Motivation e Language learning support
e Motivational enhancement
9 Would ChatGPT-facilitated programming mode | 2024 | ChatGPT
impact college students’ programming behav- e Programming mode facilita-
iors, performances, and perceptions? An empir- tion
ical study e Debugging
10 ChatGPT effects on cognitive skills of under- | 2024 | ChatGPT
graduate students: Receiving instant responses o Immediate responses for cog-
from Al-based conversational large language nitive skill reinforcement
models (LLMs)
11 The Impact of Large Language Models on Pro- | 2024 | LLM tools
gramming Education and Student Learning Out- e Programming education
comes e Debugging
12 Effect of Generative Artificial Intelligence (AI)- | 2024 ChatGPT
based tool utilization and Students’ Program- e Improving  programming
ming self-efficacy and Computational Thinking self-efficacy
skills in JAVA programming course in Nigeria e Computational skills
Universities
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13 Does Al-assisted creation of polyphonic music | 2024 | Al-music
increase academic motivation? The DeepBach tool (Deep- e Creative support for music
graphical model and its use in music education Bach) composition
14 A mixed-methods evaluation of ChatGPT’s real- | 2023 | ChatGPT
life implementation in Undergraduate Dental e Dental education research
Education e Knowledge reinforcement
15 Evaluating the Effectiveness of LLMs in In- | 2024 | LLM tool
troductory Computer Science Education: A (CodeTu- e Learning programming lan-
Semester-Long Field Study tor) guage syntax
16 ChatGPT Improves Creative Problem-Solving | 2023 ChatGPT
Performance in University Students: An Experi- e Creative problem-solving
mental Study performance enhancement
17 Impact of ChatGPT on ESL students’ academic | 2024 | ChatGPT
writing skills: a mixed methods intervention o ESL writing skill feedback
study
18 Short-term learning effect of ChatGPT on phar- | 2024 | ChatGPT
macy students’ learning e Short-term knowledge rein-
forcement in pharmacy
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