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Abstract

In an era of artificial intelligence and information abundance, medical educators
face a critical paradox: how can students master an exponentially growing body of
knowledge while simultaneously cultivating the vital capacity for lifelong learn-
ing? Cognitive Load Theory (CLT) has traditionally guided instructional design to
manage the cognitive demands of complex subjects. However, this approach often
positions students as passive recipients of optimized content, leaving them ill-pre-
pared for the self-directed learning demands of modern clinical practice. This ar-
ticle advocates for a necessary paradigm shift: explicitly teaching CLT to students
as a practical metacognitive toolkit, augmented by Al technologies, to transform
them into active, adaptive managers of their own learning. Using the high-com-
plexity domain of cancer molecular mechanisms as an illustrative model, we pro-
vide a step-by-step framework for educators to implement this model across med-
ical disciplines. This approach enables students to diagnose cognitive overload,
employ evidence-based learning strategies with Al feedback, and build critical
self-directed learning competencies. The framework offers actionable guidelines
to not only enhance the efficiency of knowledge acquisition but also to foster the
resilient, lifelong learners that the future of healthcare requires.
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1. Introduction

The challenge of mastering vast, interconnected knowledge landscapes places extreme cognitive demands on med-
ical students across all disciplines. They must navigate extensive terminology systems, comprehend intricate mech-
anistic pathways, and integrate foundational sciences with complex clinical reasoning. These elements collectively
create a cognitive load that consistently exceeds the natural limits of working memory (Young et al., 2014). While
instructional designers have leveraged Cognitive Load Theory (CLT) to create more efficient learning materials,
this application has largely remained a behind-the-scenes process. This traditional approach risks fostering learner
dependency and fails to explicitly address the self-regulatory challenges of a field characterized by rapid knowledge
expansion. We contend that to become a competent clinical thinker, one must first become a knowledgeable
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memorizer with insight into one’s own cognition. As Sweller emphasizes, the ability to handle complex elements
depends on the learner’s knowledge base (Sweller, 2011). Therefore, effective medical education must not only
manage cognitive load but must also empower students to actively construct and manage their own knowledge
repositories (Qiao et al., 2014; Sweller et al., 2019; Sweller, 2005).

The urgency of this gap is amplified by the dual forces of Al advancement and information proliferation. Powerful
Al tools and adaptive learning platforms, while making information more accessible, have complicated the learning
landscape. Students must now constantly evaluate, filter, and integrate content from myriad digital sources. Para-
doxically, this abundance of resources can increase cognitive load as learners struggle to identify relevant materials
and verify accuracy. In this context, merely providing optimized content is insufficient. This paper provides a prac-
tical solution: a paradigm shift that moves CLT from an implicit instructional framework to an explicit metacogni-
tive toolkit placed directly in students’ hands. We outline a clear pedagogical pathway to transform learners from
passive recipients into active managers of their own cognitive processes, enabling them to thrive in an era of infor-
mation overload and artificial intelligence (Sweller et al., 2019).

This paper does not aim to contribute new biological insights into cancer or any other medical domain. Rather,
as medical educators, we leverage the complex domain of cancer molecular mechanisms as a high-fidelity model
system to demonstrate a universally applicable pedagogical framework. We therefore argue that medical education
requires a fundamental transformation in pedagogical philosophy and practice. This paper proposes a paradigm shift:
moving CLT from an implicit instructional framework to an explicit metacognitive toolkit placed directly in students’
hands. The core objective is to transform learners from passive recipients of medical knowledge into active manag-
ers of their own cognitive processes. This approach enables students to recognize states of cognitive overload, select
appropriate learning strategies, and critically engage with modern educational resources, including Al tools specif-
ically adapted for unique challenges. By outlining a practical pedagogical pathway that explicitly teaches students
to apply CLT principles as a metacognitive framework for mastering complex biomedical science, we aim to culti-
vate more resilient, efficient, and autonomous learners capable of thriving in an era of information overload and
artificial intelligence.

2. From Theoretical Framework to Student Tool: Demystifying Cognitive Architecture

A fundamental step in this paradigm shift is actively unveiling the mysteries of cognitive science to learners. In
introductory tutorials or specialized learning strategy workshops, educators should employ relatable analogies and
accessible language to clearly articulate the core principles of CLT—a pedagogical framework designed to explain
how working memory processes information during learning (Sweller, 1988; Sweller et al., 2019). CLT helps re-
frame learning: it is not merely a memorization process, but a structured process of knowledge construction through
the effective management of cognitive resources.

When introducing the concept of working memory in the classroom, metaphors should be fully leveraged to
provide students with concrete models that help them understand their own cognitive limitations (N. Cowan, 2010).
Subsequently, the three types of cognitive load should be clearly distinguished. Intrinsic load arises from the com-
plexity and interactivity of elements within the subject matter, remaining relatively stable within specific domains.
Disciplines requiring simultaneous comprehension and integration of multiple elements, such as cancer biology,
naturally yield higher intrinsic load (Paas & van Merri€nboer, 2020; Sweller & Chandler, 1994). Notably, intrinsic
load is also influenced by learners’ prior knowledge (Leppink et al., 2013). Novices may struggle when confronted
with multiple unfamiliar elements simultaneously—even with low interactivity. The learning process involves in-
tegrating foundational units into cognitive schemas for storage in long-term memory (Leppink et al., 2014). As
knowledge becomes more organized and automated through schema acquisition, professional competence improves,
effectively reducing intrinsic cognitive load (Qiao et al., 2014).

A learner’s total cognitive load depends not only on the inherent difficulty of the task itself (intrinsic cognitive
load) but is also significantly influenced by the quality of teaching methods. Poorly designed learning activities or
materials generate additional cognitive load. Such load consumes cognitive resources without contributing to
schema construction (Leppink et al., 2014). In contrast, germane cognitive load refers to the mental effort devoted
to building, refining, and automating schemata. Germane load was incorporated into CLT as a supplement to ac-
count for productive cognitive effort (Sweller et al., 1998). Notably, the theory continues to evolve; some contem-
porary interpretations prefer the term “germane resources” and posit a closer association with intrinsic load (Sweller,
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2010; Sweller, 2011). Furthermore, given the empirical challenges in isolating germane load, researchers like Kal-
yuga have reconceptualized it as the share of working memory resources allocated to dealing with the intrinsic load
(Yuan et al., 2006). This framework is critically important in medical education. Students often need to spend sig-
nificant time mastering complex concepts such as cancer biology and therapeutic principles. A central solution is to
optimize instructional design to reduce irrelevant cognitive load in learning materials (Yuan et al., 2006). In this
way, precious cognitive resources are freed up and can be redirected toward the essential processes supported by
germane cognitive load.

However, understanding these cognitive mechanisms alone is insufficient; students must also learn to actively
monitor and regulate their own thinking. This is where metacognition becomes important—the practice of thinking
about one’s own thinking (Versteeg et al., 2021). Metacognition is the internal overseer of the learning process,
enabling individuals to plan their approach, monitor understanding, and evaluate strategies. By developing meta-
cognitive awareness, learners transform from passive recipients of information into active managers of their own
cognitive processes, allowing them to adapt and optimize learning methods for greater effectiveness (Hernika et al.,
2025). Equipping students with this framework allows them to recognize the subjective signs of cognitive over-
load—frustration, mental fatigue, or the sense that information is “not sticking”—not as indicators of personal in-
adequacy, but as neutral feedback that their cognitive capacity has been exceeded. This reframing is empowering:
it offers students a diagnostic lens through which to assess their own learning state. Understanding that learning is
fundamentally about integrating information in a structured way, rather than passive rote memorization, encourages
learners to become thinkers who consciously navigate the learning process. They know that the first step to master-
ing complex material is to understand how knowledge is structured, how schemas are formed, and how cognitive
resources are strategically regulated. This metacognitive awareness helps learners avoid both overexertion and
premature discouragement, fostering a more resilient and adaptive approach to challenges.

3. Developing Meta-Cognitive Awareness: A Practical Toolkit for Anatomical Learning En-
hanced by Al

Established upon this theoretical framework—integrating cognitive architecture with metacognitive regulation—
students can transition to implementing CLT-derived strategies autonomously. These approaches are significantly
bolstered by intelligent computational tools. Emerging evidence highlights the potential of Al and machine learning
to optimize cognitive load and personalize pedagogy. For instance, a systematic review of 103 studies demonstrated
that Al-driven adaptive systems enhance knowledge retention while mitigating extraneous cognitive load by dy-
namically tailoring content to individual learner profiles (Gkintoni et al., 2025; Lyu & Deng, 2024). Specifically,
Al-enabled platforms can deconstruct complex biomedical data to propose optimal chunking schemes. When navi-
gating the intricate classifications of targeted cancer therapies—such as kinase inhibitors, monoclonal antibodies,
and immunomodulatory agents—the system can reorganize information by molecular mechanism, structural ho-
mology, or clinical utility. By generating customized visual summaries and adaptive assessments, these tools facil-
itate schema construction and reduce working memory strain, aligning with classical theories on expertise develop-
ment (Nelson Cowan, 2010; Miller, 1956; Poupard et al., 2025).

The principle of pre-training, traditionally an instructor-led sequence, is now evolving into a proactive, Al-
facilitated habit. Neuroadaptive technologies can leverage real-time biomarkers, such as P300 neural activity, to
monitor cognitive flux and calibrate task difficulty (Kirchner et al., 2016). In high-load environments like cancer
signaling seminars, virtual tutors provide personalized “priming” sessions. By addressing specific knowledge gaps
through interactive pathway diagrams or high-yield quizzes, these systems ensure that during live sessions, working
memory is preserved for higher-order synthesis, such as mechanistic hypothesis formulation (Farzanfar et al., 2023;
Van et al., 2005).

Furthermore, the worked-example effect can be repurposed into Al-guided self-explanation. Large language mod-
els (LLMs) engage students in Socratic dialogues, fostering germane load through real-time feedback (Bewersdorff
et al., 2025; Gkintoni et al., 2025; Laak & Aru, 2024). For example, when a student describes a receptor tyrosine
kinase cascade, the Al might prompt deeper inquiry into negative feedback dysregulation and its role in oncogenesis.
Such interactions cultivate a level of analytical depth often unattainable in solitary study, effectively scaffolding
metacognitive development (Cai et al., 1994).

Finally, Al empowers students to become strategic consumers of educational resources by optimizing the
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modality effect (Boubker, 2024). Recommender systems analyze individual learning trajectories to suggest the ideal
synergy of visual and auditory inputs. In cognitively demanding fields like molecular oncology, this precision is
vital. An Al might direct a learner to manipulate 3D protein-protein interfaces while articulating the mechanism, or
recommend sketching a signaling flux while listening to a narrated overview. These evidence-based pairings ensure
that multimedia tools are synchronized with the learner’s unique cognitive architecture (Boubker, 2024; Gkintoni
et al., 2025; Koedinger, Corbett, & Perfetti, 2012).

4. Molecular Mechanisms in Cancer: A Model for High-Element Interactivity Learning

Cancer signaling pathways represent one of the most conceptually challenging topics in biomedical education, tra-
ditionally inducing significant cognitive overload among medical students (Tritsch et al., 2024). These intricate
networks demand the simultaneous integration of molecular components, regulatory mechanisms, and therapeutic
implications—presenting a classic example of high element interactivity that consistently tests the limits of working
memory (Zheng et al., 2019). Contemporary research underscores that mastering such high-complexity domains
requires not only well-designed instruction but also the explicit cultivation of students’ meta-cognitive awareness,
enabling them to understand what to learn and how to learn it (Gkintoni et al., 2025; Seufert, 2018; Sheffler et al.,
2022). This case study translates cognitive science principles into practice through an Al-enhanced framework that
transforms this challenging subject into an opportunity for developing sophisticated learning skills.

The approach begins with an Al-powered assessment that adaptively evaluates prior knowledge and generates
personalized learning pathways, reducing intrinsic load by establishing foundational schemas. An intelligent chunk-
ing system then reorganizes pathway components into functional modules based on individual learning patterns,
presenting information in manageable segments without losing conceptual coherence.

During interactive sessions, augmented reality (AR) overlays integrate dynamic pathway visualizations onto
physical or digital displays, reducing extraneous load by eliminating attention shifts between different media. Con-
currently, a natural language processing system facilitates Socratic dialogue, optimizing germane load through
guided self-explanation and deep reasoning. Finally, Al-driven reflective debriefing helps students analyze learning
strategies and receive personalized feedback. This multimodal approach moves beyond rote memorization toward
schema-based understanding, enabling students to predict molecular alterations and reason mechanistically. By sim-
ultaneously building content mastery and metacognitive skills, the framework fosters lifelong, self-directed learn-
ing—essential for navigating future challenges in biomedical science and clinical practice (Figure 1).

A Framework for AI-Enhanced Meta-Cognitive Integration in
Complex Medical Education: The Cancer Signaling Pathways Model
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This educational model demonstrates a structured approach to optimizing cognitive load during complex biomed-
ical instruction. The process begins with an Al-driven diagnostic assessment that evaluates prior knowledge while
strategically activating foundational schemas, thereby reducing intrinsic cognitive load by connecting new learning
to existing knowledge structures. Explicit metacognitive scaffolding then equips learners with specific strategies to
manage high-element interactivity content, further mitigating intrinsic load while minimizing extraneous load
through guided learning pathways. The integrated multimodal resources—including AR visualization, interactive
pathway models, and molecular datasets—leverage the modality effect to reduce extraneous load while promoting
germane cognitive load through diverse representational formats that enhance schema construction. Finally, guided
reflective practice fosters germane processing by reinforcing conceptual connections and developing self-regulation
skills. Collectively, this framework not only facilitates mastery of complex biomedical concepts but also cultivates
the metacognitive awareness necessary for scientific reasoning and lifelong learning in medicine.

5. Discussion

While self-regulated learning has long been acknowledged as an ideal in medical education (Ricotta et al., 2022),
this model offers a tangible and scalable pathway to its realization. Its novelty lies not in introducing new theoretical
components, but in their purposeful integration—transforming CLT from a behind-the-scenes instructional design
principle into an explicit metacognitive toolkit for students, augmented by Al-enabled personalized support. This
shift is crucial in an era of information abundance and Al-mediated learning, where the ability to manage one’s
cognitive processes is as important as acquiring knowledge itself.

A particularly powerful implication of this approach is its potential to advance educational equity. Al-driven tools
can help democratize access to high-quality learning support—such as personalized tutoring, adaptive feedback,
and structured metacognitive training (Roshanaei et al., 2023). By making expert strategies visible and accessible,
this model helps dismantle the hidden curriculum that perpetuates disparities among students from diverse back-
grounds. However, the equitable implementation of Al in education must confront the digital divide, including
disparities in infrastructure, socioeconomic resources, and linguistic or cultural inclusivity (Ahmed, 2024). To en-
sure that Al serves as a catalyst for equitable learning—rather than exacerbating existing gaps—strategic policies,
investment in digital infrastructure, and public-private partnerships are essential (Duanmu et al., 2025). By priori-
tizing ethical Al frameworks, affordability, and teacher training, stakeholders can mitigate access barriers and foster
truly inclusive educational progress. Ensuring that these technological advancements benefit all learners equitably
is imperative for building a more just and knowledge-driven society.

Equally important is the framework’s ability to reframe the role of Al in education from a replacement of human
instruction to an augmentation of human capability (Shneiderman, 2020). In this model, Al assumes computation-
ally intensive tasks such as real-time cognitive load monitoring, resource recommendation, and personalized path-
way generation. This allows educators to shift from knowledge delivery to mentoring, coaching, and fostering clin-
ical reasoning, while students engage more deeply in sense-making and schema construction. Such a hu-
man-in-the-loop approach counters concerns about over-reliance on technology by emphasizing that Al is a tool to
enhance, not replace, cognitive effort and professional teaching.

A crucial, and often overlooked, discussion point is the potential for this approach to foster a growth mindset and
reduce academic anxiety (Yeager & Dweck, 2020). By explicitly teaching students that cognitive load is a manage-
able constraint of human architecture—not a fixed indicator of intelligence—the model psychologically inoculates
them against the frustration inherent in mastering complex subjects like oncology. Struggling with cancer signaling
pathways is reframed from a personal failure into a predictable cognitive challenge with evidence-based strategies
to overcome it. This shift can be profoundly empowering, particularly for students who might otherwise internalize
early difficulties as a sign of being unfit for a medical career, thereby potentially improving retention and fostering
a more inclusive learning environment.

Nevertheless, the implementation of such a model is not without challenges. It requires substantial investment in
faculty development to help educators transition into facilitators of metacognition and interpreters of learning ana-
lytics. Students, too, need support in understanding the rationale behind this approach to build trust and engagement.
Ethical considerations—including data privacy, algorithmic bias, and the need for transparent Al designs—must be
carefully addressed through institutional policies and continuous oversight. Moreover, long-term studies are needed
to evaluate the impact of this model on both academic performance in oncology and the development of lifelong
learning competencies essential for clinical practice.
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In conclusion, this framework offers a timely and pedagogically sound response to the evolving demands of
medical education. By equipping students with a deeper understanding of their own cognition and the tools to man-
age it effectively, educators can foster not only mastery of oncology but also the adaptive, resilient, and self-directed
learners that the future of healthcare requires.

Author Contributions

D.S, W.J: Conceptualization; data curation; investigation; methodology; project administration; writing — original
draft; writing — review and editing. P.X.C: Conceptualization; investigation; methodology; writing — review and
editing.

Conflict of Interest Statement
The authors have no competing interests to declare.
Funding

The work was supported by the Noncommunicable Chronic Diseases-National Science and Technology Major Pro-
ject (2023ZD0503000, 2023ZD0503004, SQ2026AAA161144). The funders had no role in study design, data col-
lection and analysis, decision to publish, or preparation of the manuscript.

References
Ahmed, F. (2024). The digital divide and Al in education: Addressing equity and accessibility. A/ EDIFY Journal, 1(2), 12-23.

Bewersdorff, A., Hartmann, C., Hornberger, M., SeBler, K., Bannert, M., Kasneci, E., & Nerdel, C. (2025). Taking the next step with
generative artificial intelligence: The transformative role of multimodal large language models in science education. Learning
and Individual Differences, 118, 102601. https://doi.org/10.1016/j.1indif.2024.102601

Boubker, O. (2024). From chatting to self-educating: Can Al tools boost student learning outcomes? Expert Systems with Applications,
238, 121820.

Cai, Z., & Hu, X. (2018). AutoTutor: An intelligent tutoring system and its authoring tools. In Deep comprehension (pp. 140-153).
Routledge.

Chi, M. T. H., De Leeuw, N., Chiu, M.-H., & LaVancher, C. (1994). Eliciting self-explanations improves understanding. Cognitive
Science, 18(3), 439-477.

Cowan, N. (2010). The magical mystery four: How is working memory capacity limited, and why? Current Directions in Psychological
Science, 19(1), 51-57. https://doi.org/10.1177/0963721409359277

Duanmu, X., Yu, J., Yuan, X., & Zhang, X. (2025). How does digital infrastructure mitigate urban—rural disparities? Sustainability,
17(4), 1561.

Farzanfar, D., Spiers, H. J., Moscovitch, M., & Rosenbaum, R. S. (2023). From cognitive maps to spatial schemas. Nature Reviews
Neuroscience, 24(2), 63-79. https://doi.org/10.1038/s41583-022-00655-9

Gkintoni, E., Antonopoulou, H., Sortwell, A., & Halkiopoulos, C. (2025). Challenging cognitive load theory: The role of educational
neuroscience and artificial intelligence in redefining learning efficacy. Brain Sciences, 15(2), 203.
https://doi.org/10.3390/brainsci15020203

Hernika, H., Wahab, A. A., & Susetya, H. H. H. (2025). Eksplorasi penerapan strategi metakognitif dalam pembelajaran membaca
kritis di SMAN 1 Paiton: Exploration of metacognitive strategy implementation in critical reading learning at SMAN 1 Paiton.
Transformatika: Jurnal Bahasa, Sastra, dan Pengajarannya, 9(3), 794-808.

Kirchner, E. A., Kim, S. K., Tabie, M., Woéhrle, H., Maurus, M., & Kirchner, F. (2016). An intelligent man-machine interface—multi-
robot control adapted for task engagement based on single-trial detectability of P300. Frontiers in Human Neuroscience, 10,
291.

Koedinger, K. R., Corbett, A. T., & Perfetti, C. (2012). The knowledge-learning-instruction framework: Bridging the science-practice
chasm to enhance robust student learning. Cognitive Science, 36(5), 757-798.

Laak, K.-J., & Aru, J. (2024). Al and personalized learning: Bridging the gap with modern educational goals. arXiv preprint-
arXiv:2404.02798.

Leppink, J., Paas, F., Van der Vleuten, C. P., Van Gog, T., & Van Merriénboer, J. J. (2013). Development of an instrument for meas-
uring different types of cognitive load. Behavior Research Methods, 45(4), 1058-1072.

DOI: 10.26855/er.2026.03.006 153 The Educational Review, USA



Shuang Dai, Xingchen Peng

Leppink, J., Paas, F., Van Gog, T., van Der Vleuten, C. P., & Van Merrienboer, J. J. (2014). Effects of pairs of problems and examples
on task performance and different types of cognitive load. Learning and Instruction, 30, 32-42.

Lyu, C., & Deng, S. (2024). Effectiveness of embodied learning on learning performance: A meta-analysis based on the cognitive load
theory perspective. Learning and Individual Differences, 116, 102564.

Miller, G. A. (1956). The magical number seven, plus or minus two: Some limits on our capacity for processing information. Psycho-
logical Review, 63(2), 81-97.

Paas, F., & van Merriénboer, J. J. G. (2020). Cognitive-load theory: Methods to manage working memory load in the learning of
complex tasks. Current Directions in Psychological Science, 29(4), 394-398. https://doi.org/10.1177/0963721420922183

Poupard, M., Larrue, F., Bertrand, M., Liguoro, D., Sauzéon, H., & Tricot, A. (2025). Reducing load, fostering curiosity: Empirical
validation of the IMCLM-XR. https://hal.science/hal-05219664

Qiao, Y. Q., Shen, J., Liang, X., Ding, S., Chen, F. Y., Shao, L., ... Ran, Z. H. (2014). Using cognitive theory to facilitate medical
education. BMC Medical Education, 14(1), 79. https://doi.org/10.1186/1472-6920-14-79

Ricotta, D. N., Richards, J. B., Atkins, K. M., Hayes, M. M., McOwen, K., Soffler, M. 1, ... Schwartzstein, R. M. (2022). Self-directed
learning in medical education: Training for a lifetime of discovery. Teaching and Learning in Medicine, 34(5), 530-540.
https://doi.org/10.1080/10401334.2021.1938074

Roshanaei, M., Olivares, H., & Lopez, R. R. (2023). Harnessing Al to foster equity in education: Opportunities, challenges, and emerg-
ing strategies. Journal of Intelligent Learning Systems and Applications, 15(4), 123-143.

Seufert, T. (2018). The interplay between self-regulation in learning and cognitive load. Educational Research Review, 24, 116-129.
https://doi.org/10.1016/j.edurev.2018.03.004

Sheftler, P., Rodriguez, T. M., Cheung, C. S., & Wu, R. (2022). Cognitive and metacognitive, motivational, and resource considerations
for learning new skills across the lifespan. Wiley Interdisciplinary Reviews: Cognitive Science, 13(2), e1585.
https://doi.org/10.1002/wcs.1585

Shneiderman, B. (2020). Human-centered artificial intelligence: Reliable, safe & trustworthy. International Journal of Human—Com-
puter Interaction, 36(6), 495-504.

Sweller, J. (1988). Cognitive load during problem solving: Effects on learning. Cognitive Science, 12(2), 257-285.
https://doi.org/10.1016/0364-0213(88)90023-7

Sweller, J. (2010). Element interactivity and intrinsic, extraneous, and germane cognitive load. Educational Psychology Review, 22(2),
123-138.

Sweller, J. (2011). Cognitive load theory. In Psychology of learning and motivation (Vol. 55, pp. 37-76). Elsevier.
Sweller, J., & Chandler, P. (1994). Why some material is difficult to learn. Cognition and Instruction, 12(3), 185-233.

Sweller, J., Van Merriénboer, J. J., & Paas, F. (2019). Cognitive architecture and instructional design: 20 years later. Educational
Psychology Review, 31(2), 261-292.

Sweller, J., Van Merrienboer, J. J., & Paas, F. G. (1998). Cognitive architecture and instructional design. Educational Psychology
Review, 10(3), 251-296.

Tritsch, T., Lin, S., Pough, A., Schwartz, G., & Shoja, M. M. (2024). Typical brachial plexus: The legacy of a forgotten anatomist,
Abram T. Kerr (1873-1938). Child’s Nervous System, 40(5), 1319-1324. https://doi.org/10.1007/s00381-023-06223-5

Van Merriénboer, J. J., & Sweller, J. (2005). Cognitive load theory and complex learning: Recent developments and future directions.
Educational Psychology Review, 17(2), 147-177.

Versteeg, M., Bressers, G., Wijnen-Meijer, M., Ommering, B. W. C., de Beaufort, A. J., & Steendijk, P. (2021). What were you thinking?
Medical students’ metacognition and perceptions of self-regulated learning. Teaching and Learning in Medicine, 33(5), 473-
482. https://doi.org/10.1080/10401334.2021.1889559

Yeager, D. S., & Dweck, C. S. (2020). What can be learned from growth mindset controversies? American Psychologist, 75(9), 1269-
1284.

Young, J. Q., Van Merrienboer, J., Durning, S., & Ten Cate, O. (2014). Cognitive load theory: Implications for medical education:
AMEE Guide No. 86. Medical Teacher, 36(5), 371-384. https://doi.org/10.3109/0142159X.2014.889290

Yuan, K., Steedle, J., Shavelson, R., Alonzo, A., & Oppezzo, M. (2006). Working memory, fluid intelligence, and science learning.
Educational Research Review, 1(2), 83-98.

Zheng, L., Li, X., Zhang, X., & Sun, W. (2019). The effects of group metacognitive scaffolding on group metacognitive behaviors,
group performance, and cognitive load in computer-supported collaborative learning. The Internet and Higher Education, 42,
13-24. https://doi.org/10.1016/j.iheduc.2019.03.002

DOI: 10.26855/er.2026.03.006 154 The Educational Review, USA



