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Objective: The objective of this study was to examine the interactive predictive roles 

of cognitive flexibility and adaptive emotion regulation on academic success among 

university students learning in artificial intelligence–enhanced educational 

environments. 

Methods and Materials: This quantitative cross-sectional correlational study was 

conducted among 317 undergraduate students from major public universities in 

Tehran who were enrolled in courses supported by AI-based learning platforms. 

Participants completed validated questionnaires measuring cognitive flexibility, 

adaptive emotion regulation, engagement with AI-enhanced learning systems, and 

academic success. Data were analyzed using descriptive statistics, Pearson 

correlations, hierarchical multiple regression, and structural equation modeling with 

SPSS 26 and AMOS 24. Model fit was evaluated using standard goodness-of-fit 

indices including CFI, TLI, RMSEA, and SRMR. 

Findings: Hierarchical regression revealed that after controlling for demographic 

variables and AI-learning engagement, cognitive flexibility (β = .31, p < .001) and 

adaptive emotion regulation (β = .36, p < .001) significantly predicted academic 

success, together explaining 56% of the total variance. Structural equation modeling 

demonstrated strong direct effects of cognitive flexibility (β = .34, p < .001) and 

adaptive emotion regulation (β = .39, p < .001) on academic success, as well as 

significant indirect effects mediated through AI-learning engagement (β = .41, p < 

.001). The overall model exhibited satisfactory fit to the data (CFI = .95, TLI = .94, 

RMSEA = .061, SRMR = .047). 

Conclusion: The findings indicate that cognitive flexibility and adaptive emotion 

regulation are critical psychological determinants of academic success in AI-enhanced 

learning environments and operate both directly and through strengthening students’ 

engagement with intelligent educational systems. 
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1. Introduction 

he rapid diffusion of artificial intelligence 

technologies across higher education has 

fundamentally restructured the learning ecosystem, 

introducing unprecedented levels of personalization, 

automation, and data-driven decision-making into academic 

instruction. AI-enhanced learning environments now 

encompass adaptive learning systems, intelligent tutoring 

platforms, learning analytics dashboards, virtual tutors, and 

generative AI applications that dynamically adjust 

instructional content, pacing, feedback, and assessment to 

individual learner profiles. This transformation is no longer 

peripheral; rather, it constitutes the core infrastructure of 

contemporary university education worldwide (Wyk, 2023; 

Zhao, 2023; Zheng, 2025). Universities increasingly rely on 

AI-based tools to optimize instructional delivery, expand 

access, improve learning efficiency, and respond to the 

diverse cognitive and emotional needs of students (Aslam et 

al., 2025; Khan & Irfan, 2025; Rajavarman et al., 2025). 

While these technological advances promise substantial 

gains in educational effectiveness, they simultaneously 

impose complex cognitive and emotional demands on 

learners, thereby foregrounding the importance of 

psychological capacities that enable students to navigate, 

adapt, and thrive within AI-mediated academic 

environments. 

Among these capacities, cognitive flexibility and 

adaptive emotion regulation have emerged as two 

foundational determinants of learning success in complex 

digital contexts. Cognitive flexibility refers to the ability to 

shift mental representations, update strategies, integrate new 

information, and adaptively respond to changing task 

demands. In AI-enhanced learning settings characterized by 

continuous feedback, algorithmic adaptation, and evolving 

instructional pathways, cognitive flexibility becomes 

essential for students to effectively interpret system 

responses, recalibrate learning strategies, and maintain 

conceptual coherence across dynamically changing content 

streams (Abishev et al., 2025; Far et al., 2024; Pérez & 

Losada, 2024). Parallel to this, adaptive emotion regulation 

encompasses the processes through which individuals 

monitor, evaluate, and modify emotional reactions in ways 

that facilitate goal-directed behavior and psychological well-

being. The emotionally saturated nature of AI-driven 

learning—marked by performance monitoring, automated 

evaluation, algorithmic feedback, and rapid task 

transitions—intensifies students’ affective experiences and 

places heightened demands on emotion regulation systems 

(Hussain et al., 2025; Melnichuk & Belogash, 2021; Zhang, 

2025). 

Theoretical and empirical scholarship increasingly 

suggests that the effectiveness of AI-enhanced learning 

environments is contingent not merely on technological 

sophistication, but on the learner’s capacity to cognitively 

and emotionally engage with these systems. AI platforms 

personalize content, yet learners must possess sufficient 

cognitive flexibility to exploit these affordances and 

sufficient emotional regulation to cope with challenges such 

as cognitive overload, performance anxiety, uncertainty, and 

frustration. When these psychological capacities are 

underdeveloped, AI tools may paradoxically exacerbate 

learning difficulties rather than alleviate them (Hamdani, 

2025; Ouariach et al., 2025; Sales, 2025). 

Empirical research demonstrates that cognitive flexibility 

plays a central role in academic performance across 

educational levels. Students with higher cognitive flexibility 

exhibit superior problem-solving skills, deeper conceptual 

understanding, greater self-regulated learning, and stronger 

academic achievement (Dubuc et al., 2020; Far et al., 2024; 

Pérez & Losada, 2024). Within AI-supported learning 

environments, this relationship becomes even more 

pronounced, as learners must continuously adapt to 

algorithmically modified instructional sequences, 

personalized feedback, and evolving performance metrics 

(Abdullahi, 2025; Abishev et al., 2025; Mahafdah et al., 

2024). Cognitive flexibility enables learners to avoid rigid 

learning patterns, embrace novel solution pathways, and 

dynamically integrate information provided by intelligent 

systems, thereby maximizing the pedagogical potential of AI 

technologies. 

Concurrently, adaptive emotion regulation has been 

shown to exert a profound influence on learning outcomes. 

Effective regulation of academic emotions—including 

anxiety, frustration, boredom, and excitement—supports 

sustained attention, motivation, perseverance, and 

metacognitive engagement (Jiang-tao & Hali, 2025; 

Melnichuk & Belogash, 2021; Zhang, 2025). In AI-

enhanced environments, where constant feedback loops and 

algorithmic evaluations may amplify emotional reactivity, 

the ability to modulate emotional responses becomes critical 

for maintaining psychological equilibrium and learning 

continuity (Hussain et al., 2025; Hussein et al., 2025). 

Students who employ adaptive strategies such as cognitive 

reappraisal, emotional acceptance, and proactive coping 

demonstrate superior academic resilience and learning 

T 
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effectiveness in digital contexts (Far et al., 2024; Kaur et al., 

2025; Zambrano et al., 2025). 

Recent studies have further highlighted the synergistic 

interplay between cognitive flexibility and adaptive emotion 

regulation. Cognitive adaptation and emotional adaptation 

operate as interdependent systems that jointly regulate 

students’ engagement with complex learning tasks. Flexible 

cognition supports the reinterpretation of emotionally 

charged academic challenges, while effective emotion 

regulation stabilizes cognitive resources needed for flexible 

thinking (Far et al., 2024; Jiang-tao & Hali, 2025; Zhang, 

2025). This bidirectional relationship becomes particularly 

salient in AI-enhanced learning contexts, where rapid 

feedback, personalized pathways, and dynamic assessment 

structures continuously reshape the learner’s cognitive and 

emotional landscape. 

At the institutional level, AI-enhanced education 

initiatives increasingly recognize that technological 

innovation alone cannot guarantee educational success. 

Research on AI-based adaptive learning systems 

consistently emphasizes that student outcomes depend 

heavily on psychological readiness, emotional stability, and 

cognitive adaptability (Bhatia et al., 2024; Chun et al., 2024; 

Ezzaim et al., 2024). While AI platforms offer 

unprecedented personalization and instructional precision, 

their effectiveness is ultimately mediated by learners’ 

internal capacities to interpret, regulate, and utilize these 

technological resources. 

Moreover, academic success in AI-enhanced learning 

environments extends beyond traditional performance 

indicators such as grades. It encompasses sustained 

engagement, perceived learning effectiveness, self-efficacy, 

motivation, and long-term knowledge retention (Amoah-

Oppong et al., 2025; Faridoon et al., 2025; Kishorchandra & 

Rajnikant, 2025). AI systems increasingly track these 

multidimensional outcomes through learning analytics, 

reinforcing the need for comprehensive models that integrate 

cognitive, emotional, and technological factors in explaining 

student achievement (Aslam et al., 2025; Maaz et al., 2025; 

Vikram et al., 2025). 

Despite this growing body of research, important gaps 

remain. Much of the existing literature examines either 

cognitive or emotional factors in isolation, or focuses 

primarily on technological features of AI-enhanced learning 

systems. Few empirical studies have systematically 

investigated the interactive contribution of cognitive 

flexibility and adaptive emotion regulation in predicting 

academic success within AI-enriched higher education 

contexts. Furthermore, the majority of studies have been 

conducted in Western or East Asian educational settings, 

leaving underexplored the sociocultural and institutional 

dynamics shaping AI-mediated learning in Middle Eastern 

academic environments. 

In rapidly modernizing higher education systems such as 

those in Tehran, Iranian universities are increasingly 

adopting AI-supported learning platforms to enhance 

instructional quality, expand digital infrastructure, and align 

with global educational standards (Hamdani, 2025; Kiran, 

2025; Sales, 2025). However, systematic empirical 

investigations into how Iranian students cognitively and 

emotionally adapt to these environments remain scarce. 

Understanding these processes is essential for designing 

effective pedagogical interventions, faculty training 

programs, and institutional policies that maximize the 

benefits of AI-driven education while mitigating potential 

psychological risks. 

The convergence of these theoretical, empirical, and 

practical considerations underscores the necessity of an 

integrative framework that conceptualizes academic success 

in AI-enhanced learning environments as the product of 

dynamic interactions among cognitive flexibility, adaptive 

emotion regulation, and technological engagement. By 

situating learner psychology at the center of AI-mediated 

education, such a framework advances a more human-

centered approach to educational technology, ensuring that 

innovation remains aligned with students’ cognitive and 

emotional realities (Ouariach et al., 2025; Rajavarman et al., 

2025; Sa-ad et al., 2025). 

Accordingly, the present study seeks to empirically 

examine the interplay of cognitive flexibility and adaptive 

emotion regulation as predictors of academic success in AI-

enhanced learning environments among university students 

in Tehran, with the aim of identifying the psychological 

mechanisms through which learners effectively engage with 

intelligent educational systems and achieve sustainable 

academic outcomes. 

2. Methods and Materials 

2.1. Study Design and Participants 

The present study employed a quantitative, cross-

sectional correlational design with a predictive modeling 

approach to examine the joint contribution of cognitive 

flexibility and adaptive emotion regulation to academic 

success in artificial intelligence–enhanced learning 

environments. The research population consisted of 

https://portal.issn.org/resource/ISSN/2981-2526
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undergraduate students enrolled in public universities in 

Tehran who were actively participating in at least one course 

delivered through AI-supported digital learning platforms, 

including intelligent tutoring systems, adaptive learning 

management systems, and AI-driven assessment tools. 

Using stratified random sampling, participants were selected 

from four major universities to ensure representation across 

academic disciplines, year of study, and gender. Based on an 

a priori power analysis using G*Power for multiple 

regression with two primary predictors and five control 

variables, a minimum sample size of 280 participants was 

required to achieve a statistical power of .90 at α = .05 with 

a medium effect size. To compensate for potential attrition 

and incomplete responses, 340 students were recruited, of 

whom 317 provided complete and valid datasets. 

Participants ranged in age from 18 to 27 years, with a mean 

age of 21.9 years. All participants had used AI-based 

learning systems for at least one academic semester. Ethical 

approval for the study was obtained from the university 

research ethics committee, and written informed consent was 

secured from all participants prior to data collection. 

2.2. Measures 

Data were collected using a structured online 

questionnaire package composed of four main sections. 

Cognitive flexibility was measured using the Cognitive 

Flexibility Inventory, consisting of 20 items assessing 

individuals’ ability to adapt to changing cognitive demands, 

consider alternative solutions, and shift mental sets. 

Responses were recorded on a five-point Likert scale 

ranging from strongly disagree to strongly agree, with higher 

scores indicating greater cognitive flexibility. Adaptive 

emotion regulation was assessed using the Adaptive 

Emotion Regulation Questionnaire, which includes 28 items 

measuring strategies such as positive reappraisal, 

acceptance, refocusing on planning, and emotional 

awareness. Participants rated each item on a five-point 

Likert scale reflecting the frequency of use of each strategy. 

Academic success was operationalized using a composite 

index consisting of self-reported cumulative grade point 

average, perceived academic performance satisfaction, and 

perceived learning effectiveness within AI-enhanced 

courses. In addition, a short researcher-designed scale was 

used to assess the intensity and quality of engagement with 

AI-enhanced learning environments, including frequency of 

AI tool usage, perceived usefulness, and perceived 

personalization of instruction. All instruments demonstrated 

satisfactory internal consistency in the current sample, with 

Cronbach’s alpha coefficients exceeding .80 for all major 

constructs. The questionnaire also collected demographic 

information including age, gender, field of study, year of 

study, and prior experience with digital learning 

technologies. 

2.3. Data Analysis 

Data analysis was conducted using SPSS version 26 and 

AMOS version 24. Preliminary analyses included screening 

for missing data, detection of outliers, and assessment of 

normality, linearity, and multicollinearity. Descriptive 

statistics were computed for all variables, followed by 

Pearson correlation analyses to examine the bivariate 

relationships among cognitive flexibility, adaptive emotion 

regulation, and academic success. To test the predictive 

model, hierarchical multiple regression analysis was 

performed. In the first step, demographic variables and AI 

engagement indicators were entered as control variables. In 

the second step, cognitive flexibility and adaptive emotion 

regulation were entered simultaneously to assess their 

unique and combined contributions to academic success. In 

addition, structural equation modeling was employed to 

examine the interactive pathways among variables and to 

evaluate the overall model fit using standard indices 

including CFI, TLI, RMSEA, and SRMR. Significance 

levels were set at p < .05. The final model provided both 

direct and interaction effects, allowing for a comprehensive 

evaluation of how cognitive flexibility and adaptive emotion 

regulation jointly predict academic success in AI-enhanced 

learning contexts. 

3. Findings and Results 

The data were analyzed to examine the relationships 

among cognitive flexibility, adaptive emotion regulation, 

and academic success in AI-enhanced learning 

environments. Descriptive statistics and correlation 

coefficients are first reported, followed by regression and 

structural equation modeling results. The results are 

presented in four tables. 

Table 1 presents the descriptive statistics and bivariate 

correlations among the principal study variables, including 

cognitive flexibility, adaptive emotion regulation, AI-

learning engagement, and academic success. 

https://portal.issn.org/resource/ISSN/2981-2526


 Ghafourimanesh et al.                                                                                              Journal of Adolescent and Youth Psychological Studies 7:3 (2026) 1-9 

 

 5 
E-ISSN: 2981-2526 
 

Table 1 

Descriptive Statistics and Correlations among Study Variables 

Variable Mean SD 1 2 3 4 

1. Cognitive Flexibility 72.48 8.36 1 

   

2. Adaptive Emotion Regulation 95.62 10.41 .61** 1 

  

3. AI-Learning Engagement 38.29 6.17 .54** .58** 1 

 

4. Academic Success 16.87 1.92 .63** .67** .59** 1 

 

As shown in Table 1, all study variables demonstrated 

moderate to strong positive correlations. Cognitive 

flexibility was significantly correlated with adaptive 

emotion regulation (r = .61, p < .01), AI-learning 

engagement (r = .54, p < .01), and academic success (r = .63, 

p < .01). Adaptive emotion regulation also showed strong 

associations with AI-learning engagement (r = .58, p < .01) 

and academic success (r = .67, p < .01). These results 

indicate that higher levels of cognitive flexibility and 

adaptive emotion regulation are systematically associated 

with stronger engagement in AI-enhanced learning and 

higher academic success. 

Table 2 

Hierarchical Regression Analysis Predicting Academic Success 

Predictor B SE B β t p 

Step 1 

     

Age 0.04 0.03 .06 1.21 .228 

Gender 0.11 0.14 .04 0.79 .431 

AI-Learning Engagement 0.21 0.03 .42 7.18 <.001 

Step 2 

     

Cognitive Flexibility 0.07 0.02 .31 4.61 <.001 

Adaptive Emotion Regulation 0.09 0.02 .36 5.29 <.001 

Model statistics: Step 1: R² = .38, F(3, 313) = 64.07, p < .001 

Step 2: R² = .56, ΔR² = .18, F(5, 311) = 79.64, p < .001 

 

Table 2 indicates that after controlling for demographic 

variables and AI-learning engagement, both cognitive 

flexibility and adaptive emotion regulation emerged as 

significant predictors of academic success. The inclusion of 

these two psychological variables explained an additional 

18% of the variance in academic success, increasing the total 

explained variance to 56%. Adaptive emotion regulation (β 

= .36) showed a slightly stronger predictive effect than 

cognitive flexibility (β = .31), suggesting that emotional 

adaptation plays a particularly central role in academic 

performance within AI-enhanced learning contexts. 

Table 3 

Structural Equation Model Fit Indices 

Fit Index Obtained Value Recommended Threshold 

χ²/df 2.14 < 3.00 

CFI .95 ≥ .90 

TLI .94 ≥ .90 

RMSEA .061 ≤ .08 

SRMR .047 ≤ .08 

 

The results in Table 3 show that in the first experimental 

group (self-efficacy training), MANCOVA revealed 

significant differences between the groups in intrinsic 

motivation (η² = .42, F = 26.08, p < .001) and extrinsic 

motivation (η² = .15, F = 6.38, p < .01), indicating higher 

scores for the experimental group compared to the control 

https://portal.issn.org/resource/ISSN/2981-2526
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group. For anxiety, ANCOVA also showed a significant 

group difference (η² = .45, F = 14.86, p < .001), with the 

experimental group exhibiting lower anxiety levels. In the 

second experimental group (mindfulness training), 

MANCOVA results also indicated significant differences in 

intrinsic motivation (η² = .47, F = 16.44, p < .001) and 

extrinsic motivation (η² = .41, F = 12.71, p < .001). 

Additionally, ANCOVA for anxiety revealed an even larger 

effect size (η² = .57, F = 24.29, p < .001). Overall, the 

findings demonstrate that both self-efficacy and mindfulness 

interventions had positive and statistically significant effects 

on increasing academic motivation—particularly intrinsic 

motivation—and reducing anxiety in the experimental 

groups. Subsequently, the covariance analysis table for the 

dependent variables across groups is presented. To examine 

differences between the two interventions, the Bonferroni 

test was used, and the results are reported in Table 4. 

Table 4 

Standardized Path Coefficients in the Structural Model 

Path Standardized Estimate (β) p 

Cognitive Flexibility → Academic Success .34 < .001 

Adaptive Emotion Regulation → Academic Success .39 < .001 

Cognitive Flexibility → AI-Learning Engagement .52 < .001 

Adaptive Emotion Regulation → AI-Learning Engagement .56 < .001 

AI-Learning Engagement → Academic Success .41 < .001 

 

Table 4 reveals significant direct effects of cognitive 

flexibility and adaptive emotion regulation on academic 

success, as well as indirect effects mediated through AI-

learning engagement. Adaptive emotion regulation 

exhibited the strongest direct effect on academic success (β 

= .39), followed by cognitive flexibility (β = .34). Both 

psychological capacities strongly predicted engagement 

with AI-enhanced learning systems, which in turn 

substantially contributed to academic success (β = .41). 

These findings confirm the central role of both cognitive and 

emotional adaptability in promoting effective learning 

outcomes in technologically enriched academic 

environments. 

4. Discussion  

The present study examined the interactive roles of 

cognitive flexibility and adaptive emotion regulation in 

predicting academic success within AI-enhanced learning 

environments among university students in Tehran. The 

findings demonstrated that both cognitive flexibility and 

adaptive emotion regulation independently and jointly 

contributed significantly to academic success, even after 

controlling for demographic variables and the level of 

engagement with AI-based learning systems. Moreover, the 

structural model confirmed that engagement with AI-

enhanced learning platforms partially mediated these 

relationships, highlighting the central role of learner–

technology interaction in contemporary higher education. 

The strong positive relationship observed between 

cognitive flexibility and academic success is consistent with 

a growing body of research emphasizing the importance of 

flexible cognitive processing in complex learning contexts. 

Cognitive flexibility enables learners to revise mental 

models, adapt strategies, and integrate new information 

efficiently—skills that are especially critical in AI-driven 

environments where instructional pathways continuously 

evolve (Abishev et al., 2025; Far et al., 2024; Pérez & 

Losada, 2024). AI-enhanced systems frequently modify 

content sequencing, feedback timing, and task difficulty in 

response to learner behavior, thereby requiring students to 

constantly recalibrate their learning strategies. Students with 

higher cognitive flexibility are better equipped to interpret 

algorithmic feedback, shift problem-solving approaches, and 

sustain effective engagement under these dynamic 

conditions, which directly enhances academic performance. 

These findings align with previous research 

demonstrating that cognitive flexibility is a robust predictor 

of academic achievement across educational levels and 

subject domains (Dubuc et al., 2020; Far et al., 2024). Within 

AI-supported learning environments, this relationship 

becomes even more pronounced because learners must 

navigate algorithmically generated instructional complexity 

and uncertainty (Bhatia et al., 2024; Mahafdah et al., 2024). 

The present results extend this literature by demonstrating 

that cognitive flexibility not only directly predicts academic 

success but also exerts an indirect influence by strengthening 

students’ engagement with AI-enhanced learning systems. 

https://portal.issn.org/resource/ISSN/2981-2526
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This supports the proposition that cognitive adaptability 

functions as a foundational competence enabling learners to 

fully capitalize on the affordances of intelligent educational 

technologies (Abdullahi, 2025; Khan & Irfan, 2025). 

Adaptive emotion regulation emerged as an equally 

powerful predictor of academic success, exerting an even 

slightly stronger effect than cognitive flexibility in the final 

model. This finding underscores the critical role of 

emotional processes in AI-mediated learning contexts. AI-

enhanced environments expose students to continuous 

performance monitoring, automated evaluation, and rapid 

feedback cycles, which can amplify emotional arousal and 

vulnerability (Hussain et al., 2025; Zhang, 2025). Students 

who effectively regulate emotions such as anxiety, 

frustration, and uncertainty are better able to maintain focus, 

sustain motivation, and persist in the face of academic 

challenges, thereby achieving higher levels of academic 

success. 

This result is highly consistent with existing research 

emphasizing the importance of emotion regulation in 

technology-rich learning environments. Studies indicate that 

adaptive emotional strategies facilitate learning flow, self-

directed learning, and academic resilience in digital contexts 

(Chun et al., 2024; Melnichuk & Belogash, 2021). In AI-

supported education, emotional stability becomes 

particularly salient because algorithmic systems can 

inadvertently increase performance pressure and cognitive 

load (Hussain et al., 2025; Sales, 2025). The present findings 

confirm that students who can effectively manage their 

emotional responses are more capable of engaging 

productively with AI-based platforms and achieving 

superior academic outcomes. 

The observed mediation effect of AI-learning 

engagement further elucidates the mechanism through 

which cognitive and emotional capacities translate into 

academic success. Students with higher cognitive flexibility 

and stronger adaptive emotion regulation reported 

significantly greater engagement with AI-enhanced learning 

tools, which in turn predicted higher academic success. This 

supports the view that engagement serves as a critical 

behavioral conduit linking psychological capacities to 

learning outcomes in AI-driven education (Amoah-Oppong 

et al., 2025; Faridoon et al., 2025; Ouariach et al., 2025). 

Learners who are cognitively and emotionally equipped to 

interact with AI systems more effectively are more likely to 

explore personalized features, utilize feedback mechanisms, 

and sustain deep learning involvement, thereby amplifying 

academic gains. 

The structural model further revealed that both cognitive 

flexibility and adaptive emotion regulation exerted 

substantial direct effects on academic success while 

simultaneously strengthening engagement with AI systems. 

This dual pathway highlights the integrated nature of 

psychological functioning in AI-enhanced learning 

environments. Cognitive adaptation supports the 

interpretation of emotionally charged academic experiences, 

while emotional regulation stabilizes cognitive resources 

necessary for flexible thinking. This reciprocal interaction 

creates a reinforcing cycle that promotes sustained academic 

success in technologically complex learning contexts (Far et 

al., 2024; Jiang-tao & Hali, 2025; Zhang, 2025). 

From a broader perspective, these findings support 

contemporary educational models that conceptualize AI-

enhanced learning as a socio-technical system in which 

learner psychology and technological design are deeply 

interdependent (Aslam et al., 2025; Rajavarman et al., 2025; 

Zambrano et al., 2025). While AI systems provide 

unprecedented instructional personalization and data-driven 

precision, their educational value is ultimately determined 

by learners’ cognitive and emotional capacities to engage 

with these technologies productively. Without sufficient 

cognitive flexibility and emotion regulation, students may 

struggle to adapt to AI-mediated learning dynamics, 

potentially undermining the very benefits these systems are 

designed to deliver (Hamdani, 2025; Sales, 2025). 

The findings also carry significant implications for higher 

education systems undergoing rapid AI integration, 

particularly in non-Western contexts such as Iran. Iranian 

universities are increasingly investing in AI-supported 

learning infrastructures to enhance educational quality and 

global competitiveness (Kiran, 2025; Kishorchandra & 

Rajnikant, 2025). However, technological adoption alone is 

insufficient to guarantee academic improvement. The 

present results emphasize that student psychological 

readiness must be addressed in parallel with technological 

innovation. Institutional policies that promote cognitive 

flexibility development and emotion regulation training may 

substantially enhance the effectiveness of AI-based 

educational reforms. 

5. Conclusion 

Overall, the findings complement emerging research 

demonstrating that AI-enhanced learning environments 

influence not only academic performance but also students’ 

learning habits, motivation, and long-term educational 

https://portal.issn.org/resource/ISSN/2981-2526
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trajectories (Maaz et al., 2025; Sa-ad et al., 2025; Vikram et 

al., 2025). By identifying cognitive flexibility and adaptive 

emotion regulation as key psychological predictors of 

success, the present study contributes to a more 

comprehensive understanding of learner–AI interaction and 

provides actionable insights for optimizing educational 

outcomes in AI-driven universities. 

6. Limitations & Suggestions 

Despite its contributions, the present study is subject to 

several limitations. The cross-sectional design restricts 

causal inference and prevents examination of developmental 

changes in cognitive and emotional capacities over time. The 

reliance on self-report measures may also introduce response 

bias, particularly in the assessment of emotional processes 

and engagement behaviors. Additionally, the sample was 

limited to university students in Tehran, which may 

constrain the generalizability of the findings to other 

cultural, institutional, and educational contexts. 

Future studies should employ longitudinal designs to 

explore how cognitive flexibility and emotion regulation 

evolve in response to prolonged exposure to AI-enhanced 

learning environments. Experimental interventions aimed at 

strengthening these psychological capacities could provide 

causal evidence for their impact on academic success. 

Comparative cross-cultural research would further clarify 

the universality versus contextual specificity of these 

relationships. Incorporating objective learning analytics data 

alongside self-report measures may also yield more nuanced 

insights into learner–AI interactions. 

Higher education institutions should integrate cognitive 

flexibility training and emotion regulation development into 

student support services and curricular design. Faculty 

development programs should emphasize pedagogical 

strategies that promote adaptive thinking and emotional 

resilience in AI-mediated classrooms. AI system designers 

should incorporate features that support emotional well-

being and cognitive adaptability, ensuring that technological 

innovation remains aligned with human learning needs and 

psychological sustainability. 
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