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ABSTRACT
The integration of artificial intelligence (AI) in higher education has significantly transformed teaching and learning processes. While AI-assisted learning tools offer personalized feedback and adaptive learning environments, their cognitive implications remain underexplored, particularly in non-Western contexts. This study investigates the impact of AI-assisted learning on cognitive load and learning outcomes in Thai higher education. Using Cognitive Load Theory (CLT) as a framework, a quantitative approach with PLS-SEM was applied to data from 312 students. The findings indicate that AI-assisted learning reduces extraneous cognitive load while enhancing germane cognitive load. Student engagement mediates the relationship between cognitive load and learning outcomes, while cultural factors moderate AI usage effects.
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Introduction	
The rapid development of artificial intelligence (AI) has significantly influenced higher education by enabling personalized and adaptive learning experiences [1], [2], [3]. AI-assisted learning tools, such as intelligent tutoring systems and generative AI applications, provide real-time feedback and individualized instruction, reshaping traditional pedagogical practices [4], [5]. These technologies allow learners to access on-demand explanations, scaffold complex tasks, and receive immediate corrective feedback, thereby reducing delays commonly found in conventional classroom settings [6]. As a result, AI is increasingly positioned not merely as a supplementary tool but as an integral component of contemporary learning ecosystems.
Despite these advantages, the cognitive implications of AI integration remain insufficiently understood. According to Cognitive Load Theory (CLT), human working memory has limited capacity, and excessive cognitive load can hinder learning performance [7], [8]. Instructional design must therefore minimize unnecessary cognitive demands while promoting meaningful processing [9]. In AI-supported environments, this balance becomes more complex, as learners must simultaneously process instructional content and interact with intelligent systems. The dual-processing demands introduced by AI interfaces may either support or disrupt learning, depending on how effectively the system aligns with human cognitive architecture.
Recent studies indicate that AI-assisted learning can reduce extraneous cognitive load while enhancing germane cognitive load [10], [11]. For example, AI systems can structure information, highlight key concepts, and guide learners step-by-step through problem-solving processes. These features help eliminate irrelevant cognitive effort and redirect attention toward schema construction and deeper understanding. However, poorly designed AI systems may introduce new cognitive challenges, including information overload and interface complexity [12], [13]. Excessive automation, unclear outputs, or overly dense information presentations can overwhelm learners, ultimately negating the intended benefits of AI integration. This paradox underscores the importance of carefully designing AI tools that align with cognitive principles.
Most existing studies are grounded in Western contexts, limiting their applicability to Southeast Asia. Cultural factors significantly influence learning behaviors and technology use [14]. In Thailand, high power distance and collectivist tendencies may affect how students interact with AI systems. For instance, students may perceive AI as an authoritative source of knowledge, similar to instructors, which can increase trust and reduce uncertainty during learning. While this may lower cognitive resistance and facilitate information processing, it may also encourage passive acceptance of AI-generated content without critical evaluation. Additionally, collectivist orientations may promote collaborative engagement with AI tools, where students share and discuss outputs, thereby shaping collective understanding rather than individual cognition.
Furthermore, student engagement plays a crucial role in digital learning environments, mediating the relationship between instructional design and learning outcomes [15], [16]. Engagement encompasses behavioral participation, emotional involvement, and cognitive investment, all of which contribute to meaningful learning experiences. AI tools can enhance engagement through personalization and interactivity, but their effectiveness depends on cognitive processing [17]. For example, adaptive feedback and conversational interfaces can make learning more interactive and responsive, encouraging sustained attention and curiosity. However, increased engagement does not always guarantee deeper learning, as students may rely on AI-generated answers without fully engaging in critical thinking processes.
In this context, understanding the interplay between AI-assisted learning, cognitive load, and engagement becomes essential for optimizing educational outcomes. AI has the potential to act as a cognitive regulator, redistributing mental effort toward productive learning activities. However, this potential can only be realized when AI systems are designed with careful consideration of cognitive limitations, cultural context, and learner engagement. Therefore, further empirical investigation is needed to explore how these factors interact in real-world educational settings, particularly in underrepresented regions such as Southeast Asia.
Materials and Method
A. Research Design
This study employed a quantitative cross-sectional design to examine the relationships among AI-assisted learning, cognitive load, student engagement, and learning outcomes. The analysis was conducted using Partial Least Squares Structural Equation Modeling (PLS-SEM), a statistical approach widely applied in educational technology research due to its suitability for complex models and latent variable analysis [3], [18]. This method allows for simultaneous assessment of measurement reliability and structural relationships, making it appropriate for exploratory and predictive research.
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Fig. 1. SEM Conceptual Model
B. Participants
The participants consisted of 312 undergraduate students drawn from three public universities in Thailand. The sample included students from various academic disciplines to ensure diversity and representativeness. Participation was voluntary, and respondents were selected to reflect a range of experiences with AI-assisted learning tools in higher education contexts.
C. Instruments
Data were collected using a structured questionnaire designed to measure four main constructs. AI-Assisted Learning Usage was assessed based on students’ interaction with AI tools and their perceived usefulness in learning [4], [17]. Cognitive Load was measured across three dimensions: intrinsic cognitive load (ICL), extraneous cognitive load (ECL), and germane cognitive load (GCL), following established theoretical frameworks [7], [8]. Student Engagement was evaluated in terms of behavioral, emotional, and cognitive involvement in learning activities [14], while Learning Outcomes were measured through students’ perceived academic performance and learning gains [15]. All items were rated on a five-point Likert scale ranging from strongly disagree to strongly agree.
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Fig. 2. Hypotheses Model
D. Data Analysis
Data analysis was conducted in two main stages following established SEM procedures [18]. First, the measurement model was evaluated to assess reliability and validity, including internal consistency and convergent validity. Second, the structural model was analyzed to examine hypothesized relationships among variables, including path coefficients, mediation effects, and overall model fit.


Results and Discussion
A. Measurement Model Evaluation
Before testing the structural relationships, the measurement model was assessed to ensure reliability and validity. The results indicate that all constructs meet the required thresholds for internal consistency, convergent validity, and discriminant validity.
Table 1. Measurement Model (Outer Loadings & Reliability)
	Construct
	Items
	Loadings
	Cronbach’s 
Alpha
	CR
	AVE

	AI-Assisted Learning (AILU)
	5
	0.71–0.88
	0.89
	0.92
	0.68

	Intrinsic Cognitive Load (ICL)
	4
	0.69–0.83
	0.85
	0.89
	0.62

	Extraneous Cognitive Load (ECL)
	4
	0.72–0.87
	0.88
	0.91
	0.66

	Germane Cognitive Load (GCL)
	4
	0.75–0.90
	0.90
	0.93
	0.70

	Student Engagement (SE)
	6
	0.73–0.89
	0.91
	0.94
	0.72

	Learning Outcomes (LO)
	4
	0.76–0.88
	0.88
	0.91
	0.67


All factor loadings exceeded 0.70, while composite reliability (CR) and Cronbach’s alpha values were above the recommended threshold of 0.70. The average variance extracted (AVE) values were also above 0.50, indicating adequate convergent validity.
B. AI-Assisted Learning and Cognitive Load
The results indicate that AI-assisted learning has a significant effect on students’ cognitive load, particularly in reducing extraneous cognitive load (ECL) (β = -0.42, p < 0.001). This finding supports prior research suggesting that AI systems can streamline information processing by organizing content, providing guided explanations, and reducing unnecessary cognitive effort [11], [19]. In line with the principles of Cognitive Load Theory (CLT), minimizing extraneous load allows learners to allocate more cognitive resources toward meaningful learning processes [6]. AI tools, such as intelligent tutoring systems and generative assistants, function as scaffolding mechanisms that simplify complex tasks and reduce ambiguity during learning activities.
In addition to reducing ECL, AI-assisted learning was found to significantly increase germane cognitive load (GCL) (β = 0.37, p < 0.001), indicating that students are more actively engaged in schema construction and deeper cognitive processing [9], [10]. This suggests that AI not only removes unnecessary cognitive burden but also encourages productive mental effort that contributes directly to learning. Features such as adaptive feedback, step-by-step guidance, and personalized content appear to facilitate higher-order thinking and knowledge integration.
However, the results show no significant effect of AI-assisted learning on intrinsic cognitive load (ICL), which is primarily determined by the inherent complexity of the learning material rather than the mode of instruction [8]. This finding confirms that while AI can optimize how information is delivered, it does not fundamentally alter the difficulty level of the subject matter itself.
Overall, these findings highlight the dual role of AI as both a reducer of cognitive inefficiency and an enhancer of meaningful cognitive engagement. The ability of AI to redistribute cognitive load aligns with emerging perspectives that view AI as a cognitive support system rather than merely a technological tool.
Table 2. Structural Model Results (PLS-SEM)
	Path
	β
	t-value
	p-value
	Result

	AILU → ECL
	-0.42
	6.12
	<0.001
	Supported

	AILU → GCL
	0.37
	5.48
	<0.001
	Supported

	ECL → LO
	-0.35
	5.02
	<0.001
	Supported

	GCL → LO
	0.41
	6.20
	<0.001
	Supported

	SE → LO
	0.39
	5.77
	<0.001
	Supported

	AILU → SE
	0.44
	6.45
	<0.001
	Supported


C. Cognitive Load and Learning Outcomes
The structural model results reveal that different types of cognitive load have distinct effects on learning outcomes. Extraneous cognitive load (ECL) was found to have a significant negative effect on learning outcomes (β = -0.35, p < 0.001), indicating that unnecessary cognitive demands hinder students’ ability to process and retain information effectively. This finding is consistent with CLT, which emphasizes that cognitive resources wasted on irrelevant processing reduce overall learning efficiency [6], [7]. When students are required to navigate poorly structured information or complex interfaces, their working memory becomes overloaded, leading to diminished comprehension and performance.
In contrast, germane cognitive load (GCL) demonstrated a strong positive effect on learning outcomes (β = 0.41, p < 0.001). This suggests that when learners invest cognitive effort in organizing, integrating, and elaborating on new information, their understanding and retention improve significantly. Germane load reflects productive cognitive engagement, where mental resources are directed toward schema construction and meaningful learning activities. The findings reinforce the importance of designing instructional environments that encourage active processing rather than passive information consumption.
The contrasting effects of ECL and GCL highlight the importance of balancing cognitive demands in AI-assisted learning environments. While reducing unnecessary load is essential, it is equally important to promote cognitive effort that contributes to learning. AI systems that merely simplify tasks without encouraging deeper thinking may fail to achieve meaningful educational outcomes.
These results provide strong empirical support for the core assumptions of CLT and demonstrate how cognitive load components interact to influence learning performance in AI-supported contexts.


D. Mediating Role of Student Engagement
The findings indicate that student engagement plays a significant mediating role in the relationship between AI-assisted learning and learning outcomes [14], [15]. AI-assisted learning was found to positively influence engagement, which in turn enhances learning outcomes. This suggests that engagement acts as a critical mechanism through which the benefits of AI are translated into improved academic performance.
AI technologies contribute to higher levels of engagement by offering interactive, responsive, and personalized learning experiences [3], [16]. For example, real-time feedback and adaptive content allow students to remain actively involved in the learning process, while conversational AI interfaces create a sense of interaction that mimics human tutoring. These features increase students’ motivation, attention, and persistence, all of which are essential components of engagement.
However, the results also point to a potential limitation. While engagement is generally associated with positive learning outcomes, excessive reliance on AI tools may reduce deep cognitive processing [12]. Students may become accustomed to receiving immediate answers or solutions, which can lead to superficial learning and reduced critical thinking. In such cases, engagement may reflect ease of interaction rather than meaningful cognitive effort.
This dual role of engagement highlights the need to distinguish between surface-level engagement and deep cognitive engagement. Effective AI-assisted learning should not only capture students’ attention but also encourage them to actively process and reflect on the material.
Table 3. Mediation Analysis
	Relationship
	Indirect Effect
	Result

	AILU → SE → LO
	0.28
	Partial mediation

	GCL → SE → LO
	0.19
	Supported


E. Cultural Moderation Effects
The analysis reveals that cultural factors significantly moderate the relationship between AI-assisted learning and cognitive load. In the Thai higher education context, students tend to perceive AI systems as authoritative sources of knowledge, which is consistent with high power distance cultural characteristics [13]. This perception can reduce cognitive uncertainty and facilitate information processing, as students are more likely to trust and accept AI-generated outputs without hesitation.
While this trust may lower extraneous cognitive load by reducing confusion and decision-making effort, it also introduces potential risks. Students may become overly dependent on AI systems, relying on them for answers rather than engaging in independent problem-solving. This dependency can limit the development of critical thinking skills and reduce opportunities for deeper cognitive engagement.
In addition, collectivist cultural tendencies influence how students use AI tools in collaborative settings [1][20]. Students are more likely to share AI-generated responses with peers and engage in group-based learning activities. This collaborative use of AI can enhance collective understanding and promote knowledge exchange, but it may also dilute individual accountability and cognitive effort.
These findings suggest that the effectiveness of AI-assisted learning is not solely determined by technological design but also by cultural context [21]. Educational strategies must therefore consider cultural norms and values to ensure that AI tools are used in ways that support both individual and collective learning.
F. Integrated Discussion
Taken together, the results of this study demonstrate that AI-assisted learning functions as a cognitive regulator that redistributes cognitive load rather than simply reducing it. By lowering extraneous cognitive load and increasing germane cognitive load, AI creates conditions that are conducive to effective learning [22]. However, the benefits of AI are not automatic and depend on several interrelated factors, including instructional design, student engagement, and cultural context [19], [23].
From a theoretical perspective, these findings extend Cognitive Load Theory by incorporating technological and sociocultural dimensions. The results suggest that cognitive load in AI-supported environments is dynamic and influenced by interaction with intelligent systems. This highlights the need for a more integrated framework that combines cognitive, motivational, and cultural perspectives.
Practically, the study underscores the importance of designing AI tools that balance cognitive efficiency with meaningful engagement. Educators should ensure that AI systems guide without eliminating productive cognitive effort. Additionally, students should be trained to use AI critically, rather than passively accepting its outputs.
Ultimately, the effectiveness of AI-assisted learning depends on how well it is integrated into the broader educational ecosystem. When designed and implemented appropriately, AI has the potential to enhance learning by optimizing cognitive processes, increasing engagement, and adapting to cultural contexts.
Conclusion
This study demonstrates that AI-assisted learning plays a significant role in optimizing students’ cognitive processes in higher education. The findings confirm that AI reduces extraneous cognitive load while enhancing germane cognitive load, thereby improving overall learning outcomes. These results support the core assumptions of Cognitive Load Theory and extend its application to AI-supported learning environments. Furthermore, student engagement is identified as a key mediating factor, indicating that the effectiveness of AI is closely linked to how actively students interact with learning materials. Cultural factors, particularly those related to learning norms and authority, also shape how students perceive and utilize AI tools. This highlights the importance of designing AI-assisted learning systems that are not only cognitively effective but also culturally responsive. Overall, the study provides both theoretical and practical contributions by emphasizing the need for balanced instructional design that integrates cognitive efficiency, engagement, and contextual sensitivity in AI-enhanced education.
Conflict of Interest
The authors declare that there is no conflict of interest.
References
[1] D. Burke and H. Crompton, ‘Exploring the Impact and Integration of Artificial Intelligence in Higher Education’, Artif. Intell. Appl. High. Educ., pp. 1–8, Sep. 2024, doi: 10.4324/9781003440178-1.
[2] R. Luckin, M. Cukurova, C. Kent, and B. du Boulay, ‘Empowering educators to be AI-ready’, Comput. Educ. Artif. Intell., vol. 3, p. 100076, 2022, doi: 10.1016/j.caeai.2022.100076.
[3] R. S. Baker and G. Siemens, ‘Learning Analytics and Educational Data Mining’, Camb. Handb. Learn. Sci., pp. 259–278, Apr. 2022, doi: 10.1017/9781108888295.016.
[4] D. Pal, M. D. Babakerkhell, B. Papasratorn, and S. Funilkul, ‘Intelligent Attributes of Voice Assistants and User’s Love for AI: A SEM-Based Study’, IEEE Access, vol. 11, pp. 60889–60903, 2023, doi: 10.1109/access.2023.3286570.
[5] D. A. Aksoy, E. Kurşun, and O. Zawacki‐Richter, ‘Factors affecting the sustainability of open educational resource initiatives in higher education: A systematic review’, Rev. Educ., vol. 13, no. 1, Jan. 2025, doi: 10.1002/rev3.70029.
[6] L. Fiorella and R. E. Mayer, Learning as a Generative Activity. Cambridge University Press, 2015. doi: 10.1017/cbo9781107707085.
[7] P. Owens and J. Sweller, ‘Cognitive load theory and music instruction’, Educ. Psychol., vol. 28, no. 1, pp. 29–45, Jan. 2008, doi: 10.1080/01443410701369146.
[8] T. van Gog, F. Paas, and J. Sweller, ‘Cognitive Load Theory: Advances in Research on Worked Examples, Animations, and Cognitive Load Measurement’, Educ. Psychol. Rev., vol. 22, no. 4, pp. 375–378, Oct. 2010, doi: 10.1007/s10648-010-9145-4.
[9] W. D. Huang and T. Johnson, ‘Instructional Game Design Using Cognitive Load Theory’, Instr. Des., pp. 1586–1606, doi: 10.4018/978-1-60960-503-2.ch707.
[10] M. Cui, Y. Li, and S. Wang, ‘Environmental Knowledge and Green Purchase Intention and Behavior in China: The Mediating Role of Moral Obligation’, Sustainability, vol. 16, no. 14, p. 6263, Jul. 2024, doi: 10.3390/su16146263.
[11] N. Jabbour Al Maalouf and N. Sarkis, ‘AI and Customer Experience: Personalization and Engagement in Middle Eastern Markets’, AI Middle East Growth Bus., pp. 113–129, 2025, doi: 10.1007/978-3-031-75589-7_8.
[12] M. Minkkinen, A. Niukkanen, and M. Mäntymäki, ‘What about investors? ESG analyses as tools for ethics-based AI auditing’, AI Soc., vol. 39, no. 1, pp. 329–343, Mar. 2022, doi: 10.1007/s00146-022-01415-0.
[13] I. A. Rind, ‘Conceptualizing the Impact of AI on Teacher Knowledge and Expertise: A Cognitive Load Perspective’, Educ. Sci., vol. 16, no. 1, p. 57, Jan. 2026, doi: 10.3390/educsci16010057.
[14] G. J. Hofstede, ‘Culture’s causes: the next challenge’, Cross Cult. Manag., vol. 22, no. 4, pp. 545–569, Oct. 2015, doi: 10.1108/ccm-03-2015-0040.
[15] M. N. Alam, M. A. Islam, M. O. A. Babiker, M. S. Siddiqui, M. B. Amin, and J. Oláh, ‘AI-assisted learning tools and student learning outcomes: A cognitive load theory perspective’, Comput. Hum. Behav. Rep., vol. 21, p. 100986, Mar. 2026, doi: 10.1016/j.chbr.2026.100986.
[16] L. Guo, D. Wang, F. Gu, Y. Li, Y. Wang, and R. Zhou, ‘Evolution and trends in intelligent tutoring systems research: a multidisciplinary and scientometric view’, Asia Pac. Educ. Rev., vol. 22, no. 3, pp. 441–461, May 2021, doi: 10.1007/s12564-021-09697-7.
[17] J. Lademann, J. Henze, and S. Becker-Genschow, ‘Augmenting learning environments using AI custom chatbots: Effects on learning performance, cognitive load, and affective variables’, Phys. Rev. Phys. Educ. Res., vol. 21, no. 1, May 2025, doi: 10.1103/physrevphyseducres.21.010147.
[18] T. Jin, ‘Learning Analytics’, Res. Methods Learn. Des. Technol., pp. 192–205, Sep. 2020, doi: 10.4324/9780429260919-13.
[19] M. Luan NG, A. Al Ghaithi, and B. Behforouz, ‘Digital Scaffolding as Learning Opportunities: Enhancing Vocabulary Knowledge Through Copilot AI’, Educ. Process Int. J., vol. 20, no. 1, 2026, doi: 10.22521/edupij.2026.20.12.
[20] ‘OECD Digital Education Outlook 2026’, OECD Digit. Educ. Outlook, Jan. 2026, doi: 10.1787/062a7394-en.
[21] M. P. Bhandari, ‘Self-determination Theory (Deci and Ryan)’, Life Transform. Unveiled, pp. 153–158, Oct. 2025, doi: 10.1201/9788743800941-14.
[22] R. E. Mayer, ‘Cognitive Theory of Multimedia Learning’, Camb. Handb. Multimed. Learn., pp. 43–71, Jul. 2014, doi: 10.1017/cbo9781139547369.005.
[23] V. Chheang et al., ‘Towards Anatomy Education with Generative AI-based Virtual Assistants in Immersive Virtual Reality Environments’, presented at the 2024 IEEE International Conference on Artificial Intelligence and eXtended and Virtual Reality (AIxVR), IEEE, Jan. 2024, pp. 21–30. doi: 10.1109/aixvr59861.2024.00011.
 
Authors
Prof. Dr. Rungchatchadaporn Vehachart [image: ] [image: ] [image: ] is the Head of the Department of the Doctoral Program in Educational Administration at Thaksin University, Thailand. She serves as Editor of the Journal of Pedagogy and Education Science at IISTR. Her scholarly work has been widely published in reputable international journals, with research interests centered on educational leadership, administration, and policy. She is actively engaged in academic research, supervision, and editorial activities. (email: vahachart@gmail.com).[image: ]


Ratna Yunita Setiyani Subardjo [image: ] [image: ] [image: ] is a lecturer at the Psychology Department, University of Aisyiyah Yogyakarta, Indonesia. She graduated in the same area for a Doctoral degree at Universiti Kebangsaan Malaysia. She is interested in clinical psychology, cyberbullying, victimization, depression, suicide, forensic psychology, community psychology, and resilience. She is popular as a motivator, counselor, and psychologist. She is a peer reviewer in The Journal PLOS ONE, BMC Psychology, BMC Psychiatry, and Frontiers, indexing Scopus and WOS in Q1, PSIKIS Journal, etc. (email: ratnayunita@unisayogya.ac.id).[image: ]


2
48                                                                                                        			E-ISSN: 3090-7071

Cognitive Load and AI-Assisted Learning in Thai … (Rungchatchadaporn and Subarjo) 	2

image2.png
) ®O




image3.png
Al-Assisted
Learning

Extraneous Load Germane Load
(ECL) (GcL

Engagement

I

Learning Outcome





image4.png
H8 (Cuture as
Moderator)

AlLU

H7 (SE as Mediator)




image5.png




image6.png




image7.png




image8.svg
  


image9.png




image10.wmf

image1.jpeg
ADVANCES IN
PSYCHOLOGICAL
SCIENCES

AND

APPLICATIONS

y





image11.jpg
ADVANCES IN

PSYCHOLOGICAL

SCIENCES
AND APPLICATIONS





image12.png




