
	 52	 International Journal of Engineering Pedagogy (iJEP)	 iJEP | Vol. 15 No. 7 (2025)

JEP International Journal of 

Engineering Pedagogy 

iJEP  |  eISSN: 2192-4880  |  Vol. 15 No. 7 (2025)  | 

Karthikeyan, K., Vasudevan, A., Sowmya, K. R., Jamil, N. A., Hanefar, S. B. M. (2025). AI-Enabled Creativity: Effects on Divergent and Convergent Thinking 
among Higher Education Students. International Journal of Engineering Pedagogy (iJEP), 15(7), pp. 52–68. https://doi.org/10.3991/ijep.v15i7.59051

Article submitted 2025-09-28. Revision uploaded 2025-10-02. Final acceptance 2025-10-05.

© 2025 by the authors of this article. Published under CC-BY.

Online-Journals.org

SPECIAL FOCUS PAPER

AI-Enabled Creativity: Effects on Divergent and 
Convergent Thinking among Higher Education Students

ABSTRACT
This study aimed to analyse the impacts of artificial intelligence (AI) enabled creativity on 
divergent and convergent thinking among higher education students, focusing on how key 
factors—cognition, behaviour, interaction, ethics, and emotion—shape creative outcomes. The 
AI tools integration with academic environments has enhanced how students generate ideas, 
solve problems, and express originality. However, AI influences on critical cognitive processes 
and ethical considerations associated with creativity evidence are limited. The research adopts 
a quantitative approach, surveying a diverse sample of higher education students across vari-
ous disciplines and institutions. Data were collected using a standardised questionnaire based 
on a Likert scale, covering variables such as divergence, convergence, metacognition, depen-
dency, risk-taking, feedback, collaboration, transparency, confidence, and implementation. 
Structural equation modelling (SEM) was used to test the proposed relationships between 
these constructs. The findings reveal significant positive effects of cognition on emotion and 
behaviour, and of behaviour on creativity, while ethics and interaction showed complex, 
partly indirect pathways influencing creative outcomes. The model fit indices confirmed the 
robustness of the proposed framework, with acceptable values for CMIN/DF, RMSEA, and CFI. 
The study emphasises the need for educational institutions to design AI-integrated learning 
environments that promote ethical engagement, emotional well-being, and critical thinking. 
The results provide actionable insights for curriculum designers, educators, and policymakers 
seeking to harness AI for fostering student creativity while safeguarding academic integrity.

KEYWORDS
artificial intelligence (AI)-cognitive, AI-creativity, AI-behaviour, AI-interaction, AI-ethics, 
AI-emotion, innovative process, quality education work

1	 INTRODUCTION

Rapid progression in artificial intelligence (AI) has catalysed a restructuring of 
educational, creative, and scholarly ecosystems. From large language model (LLM) 
based chatbots and automated writing evaluation (AWE) platforms to affect-aware 
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tutoring, multimodal composition tools, and recommendation engines for mental 
health and motivation [28], an expanding socio‑technical assemblage now medi-
ates how learners generate, refine, and disseminate ideas [5]. Within this landscape, 
emergent scholarship documents simultaneous augmentation and displacement 
dynamics: cognitive scaffolding, personalisation, fluency acceleration, and affective 
regulation are juxtaposed with risks of over‑reliance, diminished critical appraisal, 
attenuated human interaction, privacy exposure, and ethical ambiguity [9]. 
To interpret these dualities rigorously, fine‑grained conceptualisation of learner 
experience variables is required across cognition, behaviour, interaction, ethics, 
emotion, and creativity—dimensions foundational to sustainable, human‑centred 
AI integration [7].

The present literature review foregrounds six focal constructs, each oper-
ationalised through an internally coherent set of sub‑dimensions that can be 
articulated as scale item propositions for future empirical modelling: Cognition, 
Behaviour Interaction, Ethics, Emotion and Creativity [19]. These item statements 
encapsulate theoretically salient learner self‑regulatory and socio‑cognitive 
processes activated or modified by AI mediation. They also align with multi‑ 
component models of creative cognition emphasising idea generation (divergent 
thinking), evaluative selection (convergent thinking) [3], reflective monitoring 
(metacognition), and elaborative development (creative production), while inte-
grating affective (confidence/engagement) and ethical (ownership/transparency) 
moderators [8].

Typological differentiation between academically orientated LLM chatbots 
(e.g., ChatGPT) and socio‑emotional or therapeutic agents (e.g., Replika, Woebot) 
underscores why nuanced construct specification matters. Academic agents’ 
emphasise epistemic efficiency—accelerating information retrieval, summarisa-
tion, and drafting—thereby intensifying divergence and convergence affordances 
but also potentially heightening dependency and comparison behaviours [32]. 
Socio‑emotional agents target relational presence and affect regulation, bearing 
distinct implications for isolation, engagement, and ethical self‑disclosure [29]. 
Conflation of these roles risks maladaptive substitution of human relational 
scaffolding, which is empirically linked to belonging, motivation, and persistence 
[25]. Parallel research on AWE verifies tripartite engagement (behavioural, cogni-
tive, emotional), where feedback throughput and revision strategy are shaped by 
proficiency, motivation, and trust [20].

Across the scholarly writing lifecycle, AI contributes to ideation, structural 
organisation, literature synthesis, data interpretation, linguistic polishing, and eth-
ical compliance. These affordances map directly onto creativity items (originality, 
flexibility, elaboration, and implementation) and indirectly modulate behavioural 
(motivation) and cognitive (divergence/convergence) processes [11]. AI expands 
meaning-making modalities while potentially inflating cognitive load, amplify-
ing the necessity of learner metacognition to manage prompt iteration and idea 
pruning [10]. Ethical governance frameworks for responsible, human‑centred AI 
emphasise transparency, fairness, and autonomy—mirrored in the ethics item clus-
ter, plagiarism avoidance [22], transparency, ownership, and honesty—to prevent 
uncritical internalisation of biased outputs and to sustain epistemic agency [14]. 
Affective computing advances in emotion detection and adaptive feedback intro-
duce powerful engagement amplification, yet they concomitantly raise privacy, 
surveillance, and authenticity dilemmas, mediating emotional comparison and  
isolation dynamics [13].
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2	 REVIEW OF LITERATURE

2.1	 Cognitive

Cognitive engagement with AI in education and creativity involves four key 
processes: divergence, convergence, criticism, and metacognition [43]. Divergence 
focuses on generating diverse ideas with AI through prompts, rephrasing, and 
multimodal inputs, enabling faster brainstorming compared to traditional feedback. 
Convergence involves selecting the best ideas from AI suggestions [34], but risks 
arise when learners rely on AI summaries without verifying them against academic 
or practical standards [29]. Criticism strengthens this process by questioning AI 
outputs for logic, evidence, and ethics, with advanced learners engaging in deeper 
revisions compared to surface edits by beginners. Metacognition—reflecting on and 
managing one’s interaction with AI—enhances both divergence and convergence, 
as structured prompting and reflective practices reduce dependency and improve 
transfer of skills [12]. While AI accelerates tasks like brainstorming, composition, 
and problem-solving, excessive options can increase cognitive load, requiring 
metacognitive filtering. Risks include overdependence, bias reinforcement, and 
memory decline, which can be mitigated through practices like fact-checking, peer 
review, and AI audits [30].

2.2	 Behaviour

Behavioural dynamics involve how learners use AI tools, their motivation, 
risk-taking behaviour, and response to feedback. The behaviour construct includes 
four aspects: dependency [27], motivation, risk-taking, and feedback [18]. Dependency 
can be positive when it improves workflow but problematic when it replaces inde-
pendent thinking, leading to “AIholic” tendencies [32]. To counter this, strategies like 
delaying AI use encourage personal problem-solving first. AI often enhances motiva-
tion by providing quick feedback, faster progress, and linguistic support, especially 
for beginners or non-native speakers. However, if students feel forced to use AI, 
motivation becomes less genuine [16]. AI also encourages risk-taking by reducing 
fear of failure through rapid iterations and creative experimentation, though over- 
reliance on AI suggestions may limit originality [40]. Effective behaviour involves 
selective adoption of AI feedback rather than blindly accepting all suggestions [12].

2.3	 Interaction

The interaction construct includes four elements: usage, prompting, personali-
sation, and collaboration. Frequent AI use can build skill in crafting better prompts, 
but without reflective strategies, learners may stick to shallow, generic queries [31]. 
Personalisation allows AI to adapt content, pace, or feedback to individual needs, 
boosting engagement [4]. Collaboration improves when AI helps share ideas or 
equalises participation, yet it can also lead to over-reliance on AI or a single “prompt 
expert” in groups [36]. AI tools work as support tools and should not replace human 
interaction [41]. Strategies like group prompt refinement and role rotation (ideator, 
verifier, and synthesiser) help ensure collaborative learning. Future research could 
track interaction patterns (e.g., prompt depth, peer-AI negotiation, etc.) using com-
bined logs and peer communications [14].
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2.4	 Ethics

The ethics construct includes four elements: plagiarism avoidance, transparency, 
ownership [23], and honesty (truthfully representing AI-assisted work) [17]. 
Avoiding plagiarism now means not just avoiding copying but also preventing hid-
den paraphrasing or using fabricated references [8]. Ownership emphasises actively 
shaping AI output into unique work, while honesty ensures accurate acknowl-
edgement of AI’s role. Ethical behaviour can be measured through scenario-based 
studies, with factors like metacognition (awareness of AI limits) and emotional states 
(e.g., overconfidence) influencing decisions [2]. Educators can promote ethics by 
requiring “AI usage statements” and reflective explanations of how students verified 
AI content [4].

2.5	 Emotion

The emotion construct—comprising confidence, comparison, isolation, and 
engagement—shapes how learners persist, take creative risks, and collaborate [15]. 
Comparing personal ideas with AI can inspire refinement and creativity, but unfa-
vourable comparisons may lower self-belief and originality. Engagement rises with 
AI’s interactive and adaptive feedback, though over-reliance on gamified stimula-
tion can shift motivation from intrinsic curiosity to external rewards [37]. Emotional 
dimensions interact—confidence may reduce or increase isolation depending 
on peer involvement—and cultural factors influence responses, with collectivist 
learners more sensitive to the loss of social study norms. Integrating AI with peer 
collaboration strategies can preserve engagement and confidence while mitigating 
isolation [6].

2.6	 Creativity

AI influences creativity across ideation, variation, selection, elaboration, and 
implementation. The creativity construct includes four items—originality, flexibil-
ity, elaboration, and implementation—aligned with Torrance and Amabile’s cre-
ativity dimensions for human–AI co-creation [21]. AI can boost originality through 
techniques like prompt chaining and style transfer but may also reduce uniqueness 
due to its reliance on common patterns [24]. Flexibility improves as AI enables quick 
shifts in perspectives or problem framing across different contexts. For elaboration, 
AI provides examples, analogies, and structural outlines to deepen ideas [26]. In 
implementation, AI aids in producing concrete outputs like drafts, presentations, 
prototypes, and citations through tools such as code generation, formatting, and 
accessibility features [1].

3	 RESEARCH FRAMEWORK

3.1	 Research problem

With the rapid integration of AI tools in higher education, there is growing interest 
in how these technologies influence students’ cognitive and creative abilities. While 
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AI-assisted platforms offer new possibilities for idea generation, problem-solving, 
and academic work, there remains limited understanding of their actual impact 
on key dimensions of creativity, particularly divergent and convergent thinking. 
Furthermore, the AI tool interplay between cognition, behaviour, interaction pat-
terns, ethical considerations, emotional responses, and creativity is understudied. 
These factors (such as feedback, motivation, risk-taking, metacognition, collabora-
tion, transparency, and emotional engagement) contribute to or hinder students’ cre-
ative outputs when using AI tools. In addition, demographic variables (age, gender, 
education level, field of study, AI proficiency) and institutional contexts may fur-
ther influence these outcomes. The lack of empirical evidence on these relationships 
creates a gap in designing effective AI-supported learning environments that foster 
genuine creativity rather than mere replication or plagiarism.

3.2	 Research gap

The AI integration with higher education is advancing rapidly, but research on 
their direct and indirect influence on student creativity, especially on divergent 
and convergent thinking, remains limited and fragmented. While existing studies 
address AI’s role in enhancing academic productivity or providing personalised 
learning, there is a research gap on:

How AI-enabled learning affects critical components of creativity, such as 
originality, flexibility, elaboration, and implementation. The interaction of cognitive 
(e.g., metacognition, criticism, etc.), behavioural (e.g., motivation, risk-taking, etc.), 
ethical (e.g., transparency, plagiarism, etc.), emotional (e.g., confidence, engagement, 
etc.), and interactional (e.g., collaboration, personalisation, etc.) factors in shaping 
AI-driven creative performance?

How demographic and contextual variables (such as age, gender, level of 
education, field of study, AI tool usage frequency, and access to digital infrastructure) 
moderate or mediate the relationship between AI usage and creative outcomes?

How AI impacts on idea generation (divergence), and idea refinement and 
application (convergence), which are critical for academic and real-world 
problem-solving?

This gap limits our ability to design AI-supported educational interventions that 
genuinely foster student creativity rather than promote superficial outputs.

3.3	 Objectives

•	 To examine significant differences in creativity outcomes (e.g., originality, 
flexibility, elaboration, implementation, etc.) based on socio-demographic char-
acteristics such as age, gender, education, field of study, AI proficiency, and type 
of institution using multiple ANOVA.

•	 To analyse the predictive influence of factors like feedback, dependency, moti-
vation, risk-taking, divergence, convergence, criticism, and metacognition on 
students’ creativity using multiple regression analysis.

•	 To identify and validate the underlying factor structure of AI-assisted creativity 
components (cognition, behaviour, interaction, ethics, emotion, and creativity) 
using factor analysis.

•	 To evaluate the structural relationships between AI with cognition, behaviour, 
interaction, ethics, emotion, and creativity among higher education students.
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3.4	 Methodology and model framework

This study employs a descriptive methodology to examine the impacts of AI 
enabled creativity, focusing specifically on divergent and convergent thinking 
among higher education students. The study targets students from various institu-
tions, including universities, engineering colleges, arts and science colleges, medical 
colleges, and international institutions. A stratified random sampling was verified 
with 274 higher education students. Data is collected through a structured Likert-
scale questionnaire, covering six key constructs: cognition, behaviour, interaction, 
ethics, emotion, and creativity. The data analysis involves percentage analysis for 
demographic profiling, multivariate ANOVA to explore group differences, multi-
ple regression analysis to identify significant predictors, factor analysis to identify 
the key variables, and structural equation modelling (SEM) to test the hypothesised 
relationships among variables.

The model framework for this study on AI-Assisted Creativity: Effects on Divergent 
and Convergent Thinking [35] Among Higher Education Students is designed to 
explore the relationships between cognitive, behavioural, interactional, ethical, 
and emotional factors and their combined influence on students’ creativity out-
comes [34]. The framework positions cognition (including divergence, convergence, 
criticism, and metacognition) [38]. Behaviour (dependency, motivation, risk- 
taking, and feedback) [37], interaction (usage, prompting, personalisation, and col-
laboration) [39], ethics (plagiarism, transparency, ownership, and honesty) [42], and 
emotion (confidence, comparison, isolation, and engagement) are key independent 
constructs [33].

3.5	 Hypotheses of the study

	 H1:	 Cognition (divergence, convergence, criticism, and metacognition) has 
a significant impact on creativity among higher education students 
using AI tools.

	 H2:	 Behaviour (dependency, motivation, risk-taking, feedback) significantly 
influences the creativity outcomes of students assisted by AI.

	 H3:	 Interaction (usage, prompting, personalisation, collaboration) significantly 
effects on students’ creativity in AI learning environment.

	 H4:	 Ethics (plagiarism, transparency, ownership, honesty) shows a significant 
relationship with creativity when students engage with AI tools.

	 H5:	 Emotion (confidence, comparison, isolation, engagement) significantly 
affects the creativity of students supported by AI tools.

	 H6:	 Cognition and emotion have a significant relationship in shaping creativity 
and learning.

	 H7:	 Behaviour significant influences between cognition and creativity among 
higher education students.

	 H8:	 Emotion significant influences between interaction and creativity.
	 H9:	 Ethics significant influences between behaviour and creativity.
	H10:	 There are significant differences in creativity levels based on demographic 

characteristics.
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4	 DATA ANALYSIS

4.1	 Characteristics of demographic profile (N = 274)

The demographic characteristics including age, gender, education level, field of 
study, type of institution and type of location. Its composition of 274 students reveals 
that a majority (52.6%) are between the ages of 21–23 years, followed by 36.1% in 
the 18–20 years category, indicating a predominantly young population. In terms of 
education, most participants are postgraduates (39.1%) and undergraduates (32.8%), 
suggesting a well-educated sample. The gender category shows those 53.3% males 
and 46.7% females. The respondents mainly come from science and technology 
(46.7%), with notable representation from arts and humanities (24.5%) and business 
and management (24.1%). Most respondents are studying in engineering colleges 
(37.6%) and universities (27.7%), and the sample comprises individuals from diverse 
locations, with the highest proportion from rural areas (43.1%), followed by urban 
(29.9%) and semi-urban (27.0%) settings. This indicates a varied and inclusive sam-
ple across age, education, field of study, institution type, gender, and location.

4.2	 Multivariate effects of education, field of study, and engagement 
frequency on creativity

The analysis of creativity outcomes with respect to education level, field of study, 
and frequency of engagement. It highlights the variations in creativity dimensions 
across these demographic and engagement factors.

The ANOVA table indicates that the overall model significantly explains variations 
in creativity (F (38, 235) = 4.994, p < .001), 44.7% of the variance (R2 = .447). Among 
the main effects, frequency of engagement shows a highly significant impact on 
creativity (F = 19.380, p < .001, Partial Eta Squared = .248), suggesting it is a strong 
predictor. However, education (p = .521) and field of study (p = 1.000) do not have 
significant effects. Regarding interaction effects, the Education × Frequency interac-
tion is significant (p < .001), indicating that the relationship between education level 
and creativity varies by engagement frequency. Other interaction effects, including 
Education × Field, Field × Frequency, and the three-way interaction, are not statisti-
cally significant. The model’s power is high (Observed Power = 1.000) for the signifi-
cant predictors, confirming confidence in the findings. The Levene’s Test indicates a 
statistically significant result (F = 5.335, df1 = 38, df2 = 235, p = .000).

The estimated marginal means indicate variations in creativity scores across dif-
ferent levels of education, fields of study, and AI tool usages. Among educational 
levels, undergraduates (M = 14.57) and postgraduates (M = 14.32) report higher 
creativity compared to those with polytechnic (M = 12.26), diploma (M = 13.15), or 
doctorate qualifications (M = 11.28). Field of study: students from arts and human-
ities have average creativity (M = 14.59), followed by business and management 
(M = 13.38) and science and technology (M = 13.32), while the “others” category 
records the lowest mean (M = 12.53). Notably, the frequency of AI tool usage shows a 
strong positive association with creativity, where weekly (M = 17.13) and daily users 
(M = 16.66) demonstrate significantly higher creativity levels compared to those who 
use AI tools occasionally (M = 10.83), monthly (M = 12.30), or several times a month 
(M = 10.09). These findings suggest that more frequent engagement with AI tools for 
academic purposes is associated with enhanced creativity.
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Results of Tukey HSD and LSD multiple comparisons on education level and 
creativity. The multiple comparisons using LSD and Tukey HSD methods reveal that 
significant differences in creativity exist between various levels of education. While 
the Tukey test shows no significant at the 0.05 level, the LSD test indicates that under-
graduates report significantly higher creativity scores than polytechnic (md = 1.96, 
p = .007), certificate/diploma holders (md = 1.97, p = .032), and doctorate holders 
(md = 2.73, p = .014). Similarly, postgraduates demonstrate significantly higher 
creativity than polytechnic (md = 1.63, p = .021) and doctorate holders (md = 2.40, 
p = .028). However, comparisons involving certificate/diploma and polytechnic or 
doctorate holders show no significant differences. These results suggest that individ-
uals with undergraduate and postgraduate education levels tend to display higher 
creativity than those with lower or higher academic qualifications, possibly reflect-
ing greater engagement with creative academic practices at those education levels.

The Tukey HSD post-hoc analysis identified two homogeneous subsets of 
education levels based on mean creativity scores. The first subset includes doc-
torate (M = 11.29), certificate/diploma (M = 12.05), and polytechnic (M = 12.05) 
respondents, who exhibited relatively lower levels of creativity. The second sub-
set consists of postgraduates (M = 13.68) and undergraduates (M = 14.01), reflect-
ing higher creativity levels. Although there is a visible trend showing increasing 
creativity with undergraduate and postgraduate education, the significance levels 
(p > .05) indicate that these differences are not statistically significant across sub-
sets at the 0.05 level.

Multiple comparisons table for creativity based on field of study. The mul-
tiple comparisons analysis using both Tukey HSD and LSD methods examined 
differences in creativity scores across four fields of study. While the Tukey HSD test 
showed not significant (all p > .05), the more liberal LSD test revealed that students 
from Arts & Humanities reported significantly higher creativity scores than those in 
Science & Technology (p = .027) and Others (p = .041). Specifically, the mean differ-
ence between Arts & Humanities and Science & Technology was 1.28, and between 
Arts & Humanities and Others was 2.38. These results suggest that while differences 
are not strong enough to withstand the stricter Tukey test, there is evidence under 
LSD that field of study may influence creativity, with Arts & Humanities students 
demonstrating comparatively higher creativity levels than their peers in technical 
and miscellaneous disciplines.

The Tukey HSD homogeneous subsets analysis for creativity across different 
fields of study shows that the mean creativity scores cluster into two non- 
significantly different subsets. The “Others” group had the lowest mean creativity 
score (11.77), followed by “Science & Technology” (12.87), and “Business & 
Management” (13.55), which were grouped in the first subset. “Arts & Humanities” 
students had the highest mean creativity score (14.15) and were placed in a separate 
second subset. However, the significance values (.214 and .500) indicate that these 
groupings are not significant at the 0.05 level.

Analysis of creativity differences by frequency of AI tool usage for aca-
demic purposes (Tukey HSD and LSD). The results from both Tukey HSD and 
LSD post hoc tests reveal significant differences in creativity scores across different 
frequencies of AI usage. Respondents who used AI tools occasionally had signifi-
cantly lower creativity scores compared to those who used them weekly and daily, 
with mean differences of -5.40 and -6.34, respectively (both p < .001). Similarly, 
participants using AI tools monthly showed significantly lower creativity than those 
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using them weekly (-3.24) and daily (-4.18), also with p < .001. The most creative 
group was those who used AI tools daily, followed closely by weekly users, whereas 
occasional and monthly users scored the lowest on creativity. These findings sug-
gest a significant relationship between the AI usage and creativity, indicating that 
more frequent.

The Tukey HSD test grouped participants into three statistically homogeneous 
subsets based on their frequency of AI tool usage for academic purposes and their 
corresponding mean creativity scores. Those who used AI tools occasionally had the 
lowest creativity mean (10.55), forming a distinct group. Users who used AI tools 
several times a month had a slightly higher mean (11.92), while monthly users 
formed a transitional group (12.70) and did not differ significantly from either lower 
or higher usage groups. The highest creativity scores were observed among weekly 
(15.95) and daily users (16.89), indicating that frequent AI tool usage is associated 
with significantly greater creativity. Although the significance values across subsets 
(.363, .838, .725) suggest some overlap, the increasing trend in creativity with higher 
usage frequency is clearly evident.

4.3	 Identification of key factors supporting AI-assisted creativity model

The results of the KMO and Bartlett’s Test sampling adequacy is 0.855, and 
Bartlett’s Test of Sphericity is highly significant (Chi-square = 3123.161, df = 276, 
p < 0.001).

The Total Variance indicates that six factors were extracted using the Maximum 
Likelihood method (14 iterations). Initially, the first factor had an eigenvalue of 
6.999, explaining 29.161% of the total variance. After extraction and rotation, 
the six retained factors collectively account for approximately 55.71%. The 
rotation method helps redistribute the variance more evenly across factors, 
with the first rotated factor now explaining 13.566%, and the others contrib-
uting between 3.1% and 12.4%. This demonstrates a strong underlying factor 
structure, validating the appropriateness of conducting factor analysis for this 
data. The first factor was characterised by high loadings on Prompting (0.516), 
Personalisation (0.417), Usage (0.590), Collaboration (0.521), Plagiarism (0.557), 
Transparency (0.742), Ownership (0.649), and Honesty (0.601). The second factor 
showed strong associations with Dependency (0.749), Motivation (0.819), Risk tak-
ing (0.779), and Feedback (0.847). The third factor loaded on Confidence (0.729), 
Comparison (0.718), Isolation (0.555), and Engagement (0.681). The fourth factor 
was defined by Originality (0.590), Flexibility (0.680), Elaboration (0.748), and 
Implementation (0.871). The fifth factor included contributions from Divergence 
(0.673) and Convergence (0.416), while the sixth factor showed notable loadings 
on Metacognition (0.491) and a weak negative loading for Divergence (-0.052). 
These results indicate a clear multi-dimensional structure underpinning the 
measured constructs related to creativity.

4.4	 AI-assisted predictive modelling of creativity: regression analysis

Model fit analysis of feedback, dependency, risk taking, and motiva-
tion on creativity (regression). The regression analysis results indicate that 
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the model, which includes Feedback, Dependency, Risk taking, and Motivation as 
predictors, explains 8.1% variance in Creativity (R2 = 0.081), adjusted R2 of 0.067, 
(F (4, 269) = 5.893, p < 0.001) significantly. The SE is 4.60, and the Watson statistic 
is 0.899 points.

The ANOVA results for the regression model show that the combined effect 
of Feedback, Dependency, Risk taking, and Motivation on Creativity is significant 
(F (4, 269) = 5.893, p < 0.001). The model accounts for a regression SS of 499.594, 
a residual SS is 5701.049, total SS of 6200.642. It shows that the predictors together 
explain a meaningful, though modest, portion of the variability in creativity scores.

The regression analysis reveals that among the predictors, Motivation has a sig-
nificant negative influence on Creativity (B = -1.064, t = -3.255, p = 0.001), suggesting 
that higher levels of motivation (as measured) are associated with lower creativity 
scores in this model. Feedback shows a positive but marginally non-significant effect 
(B = 0.624, t = 1.747, p = 0.082). Both Dependency (B = -0.322, t = -0.997, p = 0.320) and 
Risk taking (B = -0.019, t = -0.057, p = 0.955) do not significantly predict creativity.

Model fit analysis of metacognition, criticism, convergence, and diver-
gence on creativity (regression). The regression model examining the impact of 
Metacognition, Criticism, Convergence, and Divergence on Creativity R = 0.282, 8% 
(R2 = 0.080), with an adjusted R2 of 0.066, 6.6% of after adjusting variances, SE is 4.61 
and significant (F (4, 269) = 5.813, p < 0.001).

The ANOVA results for the regression model with Metacognition, Criticism, 
Convergence, and Divergence as predictors of Creativity indicate that the model is 
significant (F (4, 269) = 5.813, p < 0.001). The regression SS is 493.36, the residual SS 
is 5707.28, mean square for regression is 123.34, compared to 21.22 for the resid-
ual. The regression analysis for Creativity using Divergence, Convergence, Criticism, 
and Metacognition as predictors shows that Criticism is the only significant predic-
tor (B = -0.614, β = -0.203, t = -3.038, p = 0.003), indicating a negative relationship 
with creativity. The other variables—Divergence (B = -0.198, p = 0.493), Convergence 
(B = -0.115, p = 0.606), and Metacognition (B = -0.256, p = 0.311)—do not significantly 
predict creativity. The collinearity statistics show no concerns, with VIF values 
below 2 for all predictors, suggesting multicollinearity is not an issue in the model.

AI-assisted creativity and cognitive dimensions: a SEM approach. 
The present study explores the impact of AI-enabled creativity on divergent and 
convergent thinking among higher education students, using SEM. The direct and 
indirect impacts among key constructs are cognition, behaviour, interaction, eth-
ics, emotion, and creativity. By employing SEM, the study aims to provide empirical 
evidence that can inform educational institutions on fostering responsible and effec-
tive AI-assisted learning environments that enhance both divergent and convergent 
thinking. The model fit indices for AI-Assisted Creativity, highlighting the adequacy 
of the structural equation model in capturing the relationships between divergent 
and convergent thinking.

	 H1:	 Ethics has a significant influence on interaction.
	 H2:	 Cognition has a significant impact on emotion.
	 H3:	 Ethics has a significant impact on emotion.
	 H4:	 Interaction has a significant impact on emotion.
	 H5:	 Cognition has a significant impact on behaviour.
	 H6:	 Emotion has a significant impact on behaviour.
	 H7:	 Behaviour has a significant impact on creativity.
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Fig. 1. AI-enabled creativity model

The structural equation model reveals several significant relationships among the 
variables. Interaction is strongly influenced by ethics (estimate = 0.759, CR = 7.192, 
p < .001), indicating that higher ethical considerations substantially enhance inter-
action levels. Emotion is significantly predicted by Cognition (estimate = 0.530, CR = 
5.116, p < .001) and interaction (estimate = 0.391, CR = 2.841, p = .004), suggesting 
both cognitive processes and interpersonal dynamics play important roles in shap-
ing emotional responses. However, the Ethics on Emotion is not impact (estimate = 
0.110, CR = 0.827, p = .408), implying ethics influences emotion more indirectly via 
interaction or cognition. Behaviour is significantly influenced by Cognition (estimate 
= 0.623, CR = 4.625, p < .001) and Emotion (estimate = 0.205, CR = 2.137, p = .033), high-
lighting that both thought processes and emotional states contribute to behavioural 
outcomes. Interestingly, Creativity is negatively predicted by behaviour (estimate = 
-0.225, CR = -3.591, p < .001), indicating that the behavioural patterns measured in 
this model may hinder creative expression. Overall, these results point to complex 
interdependencies, where ethics, cognition, and interaction jointly shape emotional 
and behavioural outcomes, with implications for fostering or limiting creativity.

The SEM indices are Chi-square (CMIN) value is 656.225 (df = 245, p = .000), 
showing a significant result, which is common with larger samples. The relative chi-
square (CMIN/DF) is 2.678, which falls within the acceptable range (below 3). The 
RMSEA is .078 with a 90% confidence interval of .071 to .086, indicating a reasonable 
error of approximation, though the PCLOSE value of .000 suggests the model is not 
a close fit. Incremental fit indices like NFI (.797), RFI (.771), IFI (.862), TLI (.843), and 
CFI (.861) are slightly below the preferred .90 threshold, suggesting the model fits 
the data moderately well but could be improved. Parsimony indices (PRATIO = .888, 
PNFI = .707, PCFI = .764) and information criteria (AIC = 814.225, ECVI = 2.983) 
indicate the model is more efficient and predictive than the independence model. 
Figure 1 illustrates the structural model of AI-assisted creativity, showcasing the 
pathways between divergent and convergent thinking components.
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5	 DISCUSSION

The present study aimed to explore the various factors that influence creativity 
in an academic or organisational setting, with particular focus on the interaction 
between individual characteristics (such as motivation, risk-taking, and ethics) [19], 
cognitive processes, and external feedback mechanisms [30]. The results indicated 
that respondents’ usage of AI tools for academic or creative purposes varied in fre-
quency, with a considerable proportion engaging only occasionally or monthly, sug-
gesting that while AI tools are available [18], their consistent integration into creative 
tasks is still emerging. The frequency of AI tool usage had a significant impact on cre-
ativity scores, with those engaging weekly or daily demonstrating higher creativity 
levels compared to occasional or monthly users [33]. In terms of regression analysis, 
creativity (R2 = 0.08), with variables such as motivation showing a significant nega-
tive effect, whereas feedback exhibited a positive influence that approached signif-
icance. This suggests that while intrinsic factors like motivation are essential [28], 
they may not always directly predict creativity unless paired with enabling external 
conditions such as constructive feedback [38]. The factor analysis provided further 
insights, identifying key latent factors like feedback, ownership, engagement, and 
originality as important dimensions underpinning creativity [38]. The high KMO 
value (0.855) confirmed sampling adequacy, and the rotated solution explained a 
substantial proportion of the variance, validating the multidimensional structure of 
creativity-related attributes in the sample [13].

Ethics was found to significantly predict interaction, and cognition was a strong 
driver of both emotion and behaviour (24), which in turn influenced creativity [5]. 
Interestingly, the negative path coefficient from behaviour to creativity (β = -0.249, 
p < .001) suggests that certain behavioural expressions or possibly rigid behavioural 
patterns might inhibit creative potential, highlighting the complex interplay between 
action and creative thought. The model demonstrated acceptable fit (CFI = 0.861; 
RMSEA = 0.078), lending support to the proposed theoretical framework. Collectively, 
these findings underscore that creativity is shaped by a combination of personal, 
cognitive, ethical, and interactive elements [42]. They suggest that merely fostering 
individual traits like motivation or risk-taking may be insufficient without support-
ive environments that encourage feedback, collaboration, and cognitive engage-
ment [43]. The results call for educational and organisational practices that not only 
enhance individual capabilities but also structure interactions and ethical guidelines 
in ways that nurture creativity in the context of increasing AI integration [8].

6	 APPLICATION OF THE STUDY

The study provides practical applications of usages of AI and digital tools for 
educational institutions, organisations, and policy makers. Institutions can inte-
grate AI-based platforms into regular academic and workplace activities, ensuring 
that students and employees are not merely occasional users but develop sustained 
engagement that supports innovative thinking. The feedback mechanisms play 
a crucial role in nurturing creativity. This suggests that organisations and educa-
tors should establish structured, timely, and constructive feedback systems that 
encourage individuals to reflect, iterate, and improve their creative output.

The negative influence of motivation (as identified in the regression model) and 
behaviour on creativity (as found in the SEM) signals the need to reframe motiva-
tion and behavioural strategies in the context of creativity. Rather than emphasising 
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motivation as a standalone driver, institutions should focus on creating supportive 
environments where motivation aligns with collaborative, flexible, and cognitively 
stimulating activities that truly enhance creative performance. The identified factors, 
such as ownership, engagement, originality, and feedback, provide a framework for 
designing creativity-enhancement programmes. For example, learning modules, 
workshops, and organisational practices can be structured around these dimensions 
to build a more innovation-conducive culture. The study’s insights can inform policy 
formulation, particularly in educational and professional development standards, 
by advocating for balanced approaches that integrate cognitive training, ethical 
interactions, and technological adoption to advance creative capacities in modern 
work and learning environments.

7	 CONCLUSION

The study comprehensively examined the factors influencing creativity using 
multiple statistical techniques, yielding insightful results. Percentage analysis high-
lighted that most respondents showed moderate levels of engagement with AI tools, 
with variations in frequency and application that suggested differing levels of cre-
ative involvement. Multiple ANOVA tests revealed significant differences in creativity 
scores across groups based on AI usage frequency and related variables, indicating 
that consistent interaction with AI tools was associated with higher creative outputs. 
The regression analysis demonstrated that key predictors such as motivation, feed-
back, dependency, and risk-taking collectively explained a modest but meaningful 
portion of the variance in creativity (R2 ≈ 8%), though individual predictors like 
motivation showed significant negative effects, while feedback showed a positive 
but marginal influence. Factor analysis identified distinct underlying dimensions—
such as feedback, ownership, engagement, and originality—confirming the multidi-
mensional structure of creativity-related constructs, with a high sampling adequacy 
(KMO = 0.855) and well-fitting factor solutions explaining over 55% of variance 
after rotation. Finally, SEM offered a robust test of causal pathways, revealing that 
ethics significantly enhanced interaction, cognition influenced both emotion and 
behaviour, and behaviour in turn negatively affected creativity. The model fit indi-
ces (e.g., CFI = 0.861, RMSEA = 0.078) suggested an acceptable model fit, supporting 
the theoretical relationships proposed. Overall, the findings suggest that fostering 
creativity requires a balanced focus on ethical frameworks, cognitive stimulation, 
supportive interactions, and constructive feedback, while cautioning that certain 
behavioural patterns may inadvertently suppress creative expression. These insights 
support the educators, organisations, and policy framers in designing interventions 
that enhance creativity with AI-augmented environments.

8	 REFERENCES

	 [1]	 D. Agarwal, G. Marques, I. de la Torre-Díez, M. A. Franco Martin, B. García Zapiraín, 
and F. Martín Rodríguez, “Transfer learning for Alzheimer’s disease through neuro-
imaging biomarkers: A systematic review,” Sensors, vol. 21, p. 7259, 2021. https://doi.
org/10.3390/s21217259

	 [2]	 S. F. Ahmad et al., “Impact of artificial intelligence on human loss in decision making, 
laziness and safety in education,” Humanities and Social Sciences Communications, vol. 10, 
no. 1, pp. 1–14, 2023. https://doi.org/10.1057/s41599-023-01787-8

https://online-journals.org/index.php/i-jep
https://doi.org/10.3390/s21217259
https://doi.org/10.3390/s21217259
https://doi.org/10.1057/s41599-023-01787-8


iJEP | Vol. 15 No. 7 (2025)	 International Journal of Engineering Pedagogy (iJEP)	 65

AI-Enabled Creativity: Effects on Divergent and Convergent Thinking among Higher Education Students

	 [3]	 A. E. Çela, A. M. Fonkam, and R. M. Potluri, “Risks of AI-assisted learning on student 
critical thinking: A case study,” International Journal of Risk and Contingency Management, 
vol. 12, no. 1, pp. 1–15, 2024. https://doi.org/10.4018/IJRCM.350185

	 [4]	 A. Alemán-Saravia and A. Deroncele-Acosta, “Technology, pedagogy and content (TPACK 
framework): Systematic literature review,” in Proceedings of the IEEE, 2021, pp. 104–111. 
https://doi.org/10.1109/LACLO54177.2021.00069

	 [5]	 A. R. Vargas-Murillo, “The ethics of AI-assisted learning: A systematic literature review 
on the impacts of ChatGPT usage in education,” in Proceedings of the 8th International 
Conference on Distance Education and Learning (ICDEL 2023), 2023. https://doi.
org/10.1145/3606094

	 [6]	 P. Arnau-González, S. Katsigiannis, M. Arevalillo-Herráez, and N. Ramzan, “Artificial 
intelligence for affective computing: An emotion recognition case study,” in AI for 
Emerging Verticals: Human-robot Computing, Sensing and Networking, M. Z. Shakir and 
N. Ramzan, Eds., Springer, 2021, pp. 29–44. https://doi.org/10.1049/PBPC034E_ch2

	 [7]	 A. O. Rojas Vistorte, “Emotions and artificial intelligence: A systematic review,” Frontiers 
in Psychology, vol. 15, no. 1, p. 387089, 2024. https://doi.org/10.3389/fpsyg.2024.1387089

	 [8]	 M. Anshari, M. Hamdan, N. Ahmad, E. Ali, and H. Haidi, “Covid-19, artificial intelligence, 
ethical challenges and policy implications,” AI & Society, vol. 38, no. 2, pp. 707–720, 2023. 
https://doi.org/10.1007/s00146-022-01471-6

	 [9]	 Association for Computing Machinery, “CDEL ’23: Proceedings of the 2023 8th 
international conference on distance education and learning,” 2023. https://doi.
org/10.1145/3606094

	[10]	 L. Bevilacqua, R. M. Bottino, P. Forcheri, C. Limongelli, and S. Manca, “Advanced user 
interfaces for e-learning,” Journal of E-Learning and Knowledge Society, vol. 5, no. 1, 
pp. 91–99, 2009. https://doi.org/10.20368/1971-8829/356

	[11]	 R. W. Black and B. Tomlinson, “University students describe how they adopt AI for 
writing and research in a general education course,” Scientific Reports, vol. 15, p. 8799, 
2025. https://doi.org/10.1038/s41598-025-92937-2

	[12]	 J. Chen, P. Lai, A. Chan, V. Man, and C.-H. Chan, “AI-assisted enhancement of student pre-
sentation skills: Challenges and opportunities,” Sustainability, vol. 15, no. 1, p. 196, 2023. 
https://doi.org/10.3390/su15010196

	[13]	 Y. Chen, L. Wang, X. Liu, and H. Wang, “Artificial intelligence-empowered art education: 
A cycle-consistency network-based model for creating the fusion works of Tibetan paint-
ing styles,” Sustainability, vol. 15, no. 8, p. 6692, 2023. https://doi.org/10.3390/su15086692

	[14]	 C. Guan, J. Mou, and Z. Jiang, “Artificial intelligence innovation in education: A 
twenty-year data-driven historical analysis,” International Journal of Innovation Studies, 
vol. 4, pp. 134–147, 2020. https://doi.org/10.1016/j.ijis.2020.09.001

	[15]	 M. K. Chowdary, T. N. Nguyen, and D. J. Hemanth, “Deep learning-based facial emo-
tion recognition for human–computer interaction applications,” Neural Computing and 
Applications, vol. 35, pp. 23311–23328, 2023. https://doi.org/10.1007/s00521-021-06012-8

	[16]	 J. Crawford, K. A. Allen, B. Pani, and M. Cowling, “When artificial intelligence substitutes 
humans in higher education: The cost of loneliness, student success, and retention,” 
Studies in Higher Education, vol. 49, no. 5, pp. 883–897, 2024. https://doi.org/10.1080/030
75079.2024.2326956

	[17]	 J. Curzon, T. A. Kosa, R. Akalu, and K. El-Khatib, “Privacy and artificial intelligence,” 
IEEE Transactions on Artificial Intelligence, vol. 2, no. 2, pp. 96–108, 2021. https://doi.
org/10.1109/TAI.2021.3088084

	[18]	 D. Dalalah and O. M. Dalalah, “The false positives and false negatives of generative AI 
detection tools in education and academic research: The case of ChatGPT,” International 
Journal of Management Education, vol. 21, no. 2, p. 100822, 2023. https://doi.org/ 
10.1016/j.ijme.2023.100822

https://online-journals.org/index.php/i-jep
https://doi.org/10.4018/IJRCM.350185
https://doi.org/10.1109/LACLO54177.2021.00069
https://doi.org/10.1145/3606094
https://doi.org/10.1145/3606094
https://doi.org/10.1049/PBPC034E_ch2
https://doi.org/10.3389/fpsyg.2024.1387089
https://doi.org/10.1007/s00146-022-01471-6
https://doi.org/10.1145/3606094
https://doi.org/10.1145/3606094
https://doi.org/10.20368/1971-8829/356
https://doi.org/10.1038/s41598-025-92937-2
https://doi.org/10.3390/su15010196
https://doi.org/10.3390/su15086692
https://doi.org/10.1016/j.ijis.2020.09.001
https://doi.org/10.1007/s00521-021-06012-8
https://doi.org/10.1080/03075079.2024.2326956
https://doi.org/10.1080/03075079.2024.2326956
https://doi.org/10.1109/TAI.2021.3088084
https://doi.org/10.1109/TAI.2021.3088084
https://doi.org/10.1016/j.ijme.2023.100822
https://doi.org/10.1016/j.ijme.2023.100822


	 66	 International Journal of Engineering Pedagogy (iJEP)	 iJEP | Vol. 15 No. 7 (2025)

Karthikeyan et al.

	[19]	 E. R. de Oliveira and P. Rodrigues, “A review of literature on human behaviour and 
artificial intelligence: Contributions towards knowledge management,” Electronic 
Journal of Knowledge Management, vol. 19, pp. 165–179, 2021. https://doi.org/10.34190/
ejkm.19.2.2459

	[20]	 I. Dergaa, K. Chamari, P. Zmijewski, and H. B. Saad, “From human writing to artificial 
intelligence generated text: Examining the prospects and potential threats of ChatGPT 
in academic writing,” Biology of Sport, vol. 40, no. 2, pp. 615–622, 2023. https://doi.
org/10.5114/biolsport.2023.125623

	[21]	 P. Duchastel and J. Imbeau, “Intelligent computer-assisted instruction (ICAI): Flexible 
learning through better student-computer interaction,” Journal of Information Technology, 
vol. 3, no. 2, pp. 102–105, 1988. https://doi.org/10.1177/026839628800300206

	[22]	 E. Francke and A. Bennett, “The potential influence of artificial intelligence on plagia-
rism: A higher education perspective,” in Proceedings of the European Conference on the 
Impact of Artificial Intelligence and Robotics (ECIAIR), 2019.

	[23]	 B. George and O. Wooden, “Managing the strategic transformation of higher education 
through artificial intelligence,” Administrative Sciences, vol. 13, no. 9, p. 196, 2023. https://
doi.org/10.3390/admsci13090196

	[24]	 S. He and Y. Lu, “The effectiveness of Gen AI in assisting students’ knowledge construc-
tion in humanities and social sciences courses: Learning behaviour analysis,” Interactive 
Learning Environments, vol. 32, no. 10, pp. 7041–7062, 2024. https://doi.org/10.1080/1049
4820.2024.2415444

	[25]	 P. Jaques and R. Viccari, “Considering students’ emotions in computer-mediated learn-
ing environments,” in Web-Based Intelligent E-Learning Systems, IGI Global, 2006, 
pp. 122–138. https://doi.org/10.4018/978-1-59140-729-4.ch006

	[26]	 J. Sun et al., “A catalyst for education? A study on the impact of artificial intelligence- 
assisted learning in painting courses on college students’ continuous learning intention,” 
Acta Psychologica, vol. 258, p. 105130, 2025. https://doi.org/10.1016/j.actpsy.2025.105130

	[27]	 S. Li, J. Zheng, S. P. Lajoie, and J. Wiseman, “Examining the relationship between emo-
tion variability, self-regulated learning, and task performance in an intelligent tutoring 
system,” Educational Technology Research and Development, vol. 69, pp. 673–692, 2021. 
https://doi.org/10.1007/s11423-021-09980-9

	[28]	 Z. Li, “AI-assisted emotion recognition: Impacts on mental health education and learning 
motivation,” International Journal of Emerging Technologies in Learning (iJET), vol. 18, 
no. 24, pp. 34–48, 2023. https://doi.org/10.3991/ijet.v18i24.45645

	[29]	 T. Mehigan and I. Pitt, “Engaging learners through emotion in artificially intelligent 
environments,” in Proceedings of the 2019 International Conference on Artificial Intelligence 
in Education, 2019, pp. 5661–5668. https://doi.org/10.21125/edulearn.2019.1380

	[30]	 M. Liu, L. J. Zhang, and C. Biebricher, “Investigating students’ cognitive processes in gen-
erative AI-assisted digital multimodal composing and traditional writing,” Computers & 
Education, vol. 211, p. 104977, 2024. https://doi.org/10.1016/j.compedu.2023.104977

	[31]	 M. Khalifa and M. Albadawy, “Using artificial intelligence in academic writing and 
research: An essential productivity tool,” Computer Methods and Programs in Biomedicine 
Update, vol. 5, p. 100145, 2024. https://doi.org/10.1016/j.cmpbup.2024.100145

	[32]	 M. Salah, F. Abdelfattah, H. Alhalbusi, and B. Ahmed, “Me and my AI bot: Exploring the 
“AIholic” phenomenon and university students’ dependency on generative AI chatbots—
Is this the new academic addiction?” Research Square, 2024. https://doi.org/10.21203/
rs.3.rs-3508563/v2

	[33]	 N. Anantrasirichai and D. Bull, “Artificial intelligence in the creative industries: A 
review,” Artificial Intelligence Review, vol. 55, pp. 589–656, 2022. https://doi.org/10.1007/
s10462-021-10039-7

https://online-journals.org/index.php/i-jep
https://doi.org/10.34190/ejkm.19.2.2459
https://doi.org/10.34190/ejkm.19.2.2459
https://doi.org/10.5114/biolsport.2023.125623
https://doi.org/10.5114/biolsport.2023.125623
https://doi.org/10.1177/026839628800300206
https://doi.org/10.3390/admsci13090196
https://doi.org/10.3390/admsci13090196
https://doi.org/10.1080/10494820.2024.2415444
https://doi.org/10.1080/10494820.2024.2415444
https://doi.org/10.4018/978-1-59140-729-4.ch006
https://doi.org/10.1016/j.actpsy.2025.105130
https://doi.org/10.1007/s11423-021-09980-9
https://doi.org/10.3991/ijet.v18i24.45645
https://doi.org/10.21125/edulearn.2019.1380
https://doi.org/10.1016/j.compedu.2023.104977
https://doi.org/10.1016/j.cmpbup.2024.100145
https://doi.org/10.21203/rs.3.rs-3508563/v2
https://doi.org/10.21203/rs.3.rs-3508563/v2
https://doi.org/10.1007/s10462-021-10039-7
https://doi.org/10.1007/s10462-021-10039-7


iJEP | Vol. 15 No. 7 (2025)	 International Journal of Engineering Pedagogy (iJEP)	 67

AI-Enabled Creativity: Effects on Divergent and Convergent Thinking among Higher Education Students

	[34]	 S. S. Aryaa, S. Dias, H. F. Jelinek, L. G. Hadjileontiadis, and A.-M. Papp, “The convergence 
of traditional and digital biomarkers through AI-assisted biosensing: A new era in trans-
lational diagnostics?” Biosensors and Bioelectronics, vol. 235, p. 115387, 2023. https://doi.
org/10.1016/j.bios.2023.115387

	[35]	 S. J. Hong, Y. Lee, and S.-W. Kim, “Effect of artificial intelligence convergence education 
using ChatGPT on computational thinking of high school students in Korea,” International 
Journal of Advanced Science, Engineering and Information Technology, vol. 14, no. 6, 
pp. 1982–1990, 2024. https://doi.org/10.18517/ijaseit.14.6.10092

	[36]	 S. Wang, “Artificial intelligence in education: A systematic literature review,” 
Expert Systems with Applications, vol. 252, p. 124167, 2024. https://doi.org/10.1016/ 
j.eswa.2024.124167

	[37]	 L. Shi, “The integration of advanced AI-enabled emotion detection and adaptive learning 
systems for improved emotional regulation,” Journal of Educational Computing Research, 
vol. 63, no. 1, pp. 173–201, 2024. https://doi.org/10.1177/07356331241296890

	[38]	 S. Yeung, “University students’ engagement with generative AI-supported automated 
writing evaluation (AWE) feedback,” Journal of Second Language Writing, vol. 68, 
p. 101203, 2025. https://doi.org/10.1016/j.jslw.2025.101203

	[39]	 S.-M. Tseng, “Determinants of the intention to use digital technology,” Information, 
vol. 16, p. 170, 2025. https://doi.org/10.3390/info16030170

	[40]	 X. An, C. S. Chai, Y. Li, Y. Zhou, and B. Yang, “Modeling students’ perceptions of artificial 
intelligence-assisted language learning,” Computer Assisted Language Learning, vol. 38, 
nos. 5–6, pp. 987–1008, 2023. https://doi.org/10.1080/09588221.2023.2246519

	[41]	 Y. Yang and N. Xia, “Enhancing students’ metacognition via AI-driven educational 
support systems,” International Journal of Emerging Technologies in Learning (iJET), 
vol. 18, no. 24, pp. 133–148, 2023. https://doi.org/10.3991/ijet.v18i24.45647

	[42]	 Y. Fu and Z. Weng, “Navigating the ethical terrain of AI in education: A systematic 
review on framing responsible human-centered AI practices,” Computers and Education: 
Artificial Intelligence, vol. 7, p. 100306, 2024. https://doi.org/10.1016/j.caeai.2024.100306

	[43]	 C. Zhai, S. Wibowo, and L. D. Li, “The effects of over-reliance on AI dialogue systems on 
students’ cognitive abilities: A systematic review,” Smart Learning Environments, vol. 11, 
p. 28, 2024. https://doi.org/10.1186/s40561-024-00316-7

9	 AUTHORS

Dr. K. Karthikeyan is an Associate Professor in the Department of Management 
Science at PSG College of Arts & Science, Coimbatore, with over 20 years of experience 
in teaching, research, Consultancy and Industry. He earned his Ph.D. in ERP & HRM 
from Bharathiar University. He has cleared UGC NET in Management & Commerce. 
He is a certified SAP FICO & SPSS Consultant. He has published extensively in ERP, 
HRM, Information systems, and marketing, receiving multiple awards for his 
academic contributions (E-mail: kkarthierp@gmail.com; Ph.: +91 9840538028).

Asokan Vasudevan is with the Faculty of Business and Communications, INTI 
International University, Persiaran Perdana BBN Putra Nilai, 71800 Nilai, Negeri 
Sembilan, Malaysia; Research Fellow, Wekerle Business School, Budapest, Jázmin u. 
10, 1083, Hungary (E-mail: asokan.vasudevan@newinti.edu.my).

K. R. Sowmya is with the Department of Management Studies, Vel Tech 
Rangarajan Dr. Sagunthala R&D Institute of Science and Technology, Chennai, India 
(E-mail: drsowmyakr@veltech.edu.in).

https://online-journals.org/index.php/i-jep
https://doi.org/10.1016/j.bios.2023.115387
https://doi.org/10.1016/j.bios.2023.115387
https://doi.org/10.18517/ijaseit.14.6.10092
https://doi.org/10.1016/j.eswa.2024.124167
https://doi.org/10.1016/j.eswa.2024.124167
https://doi.org/10.1177/07356331241296890
https://doi.org/10.1016/j.jslw.2025.101203
https://doi.org/10.3390/info16030170
https://doi.org/10.1080/09588221.2023.2246519
https://doi.org/10.3991/ijet.v18i24.45647
https://doi.org/10.1016/j.caeai.2024.100306
https://doi.org/10.1186/s40561-024-00316-7
mailto:kkarthierp@gmail.com
mailto:asokan.vasudevan@newinti.edu.my
mailto:drsowmyakr@veltech.edu.in


	 68	 International Journal of Engineering Pedagogy (iJEP)	 iJEP | Vol. 15 No. 7 (2025)

Karthikeyan et al.

Nasyra Ab. Jamil is with the Faculty of Business and Communications, INTI 
International University, Negeri Sembilan, Malaysia (E-mail: nasyra.jamil@newinti. 
edu.my).

Shamsiah Banu Mohamad Hanefar is with the Faculty of Education and Liberal 
Arts, INTI International University, Persiaran Perdana BBN, Putra Nilai, 71800 Nilai, 
Negeri Sembilan, Malaysia (E-mail: shamsiah.mhanefar@newinti.edu.my).

https://online-journals.org/index.php/i-jep
mailto:nasyra.jamil@newinti.edu.my
mailto:nasyra.jamil@newinti.edu.my
mailto:shamsiah.mhanefar@newinti.edu.my

