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As the pace of life accelerates,  
it is vital to equip both students 
and educators to become  
friction architects. This involves 
intentionally designing 
opportunities for productive 
friction, the desirable difficulties 
essential for deep learning. 

Effortless learning is a deceptive shortcut that 
leads to poor retention. (Bjork & Bjork, 2011) 
This truth was apparent long before the rise of 
generative AI and is even more critical now in an 
era of instant gratification. We are currently 
witnessing the rise of metacognitive laziness, 
where learners offload the very self-regulatory 
processes of monitoring, evaluating, and 
synthesizing that are required for mastery. (Fan 
et al., 2024)

Traditional students are no longer the majority in 
institutions. We have a New Majority. They are 
time poor, navigating college without familial 
knowledge or support and financially struggling. 
It is no wonder in an age where the productive 
friction of learning can be avoided students are 
choosing to cognitively offload (Bjork & Bjork, 
2011). However, when current AI tools prioritize 
frictionless outputs, they deny learners of the 
encoding opportunities required to reach 
mastery. (Grinschgl et al., 2021) 

Introduction

The current landscape of automated AI does not 
merely save time,  it creates a pedagogical debt 
(Kosmyna et al., 2025), where the tool handles 
the synthesis and leaves the student as a 
passive observer of their own education. (Chen 
et al., 2025)

This is nothing new. For example, in the 1970s, 
the spiral-bound notebook arrived as a disruptor 
(Palmatier & Bennett, 1974, as cited in 
Morehead et al., 2019). While it solved the 
unproductive friction of disorganised loose-leaf 
paper, it removed the productive friction of the 
extra study sessions previously required to 
organise those notes (Morehead et al., 2019). 
AI poses a parallel, yet far more profound, 
challenge. Students now have the opportunity 
to offload the entire process of synthesis to 
receive neat, effortless outputs (Fan et al., 
2024; Risko & Gilbert, 2016). Yet we know that 
to achieve mastery, the brain requires the 
struggle of encoding, decoding and synthesis 
(Bjork & Bjork, 2011; Kiewra et al., 2018). 
Therefore, we must guide students to become 
friction architects, empowering them to use AI 
as a scaffold that supports deep learning rather 
than a crutch that replaces it (Luo et al., 2025).
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When a student chooses to cognitively offload, 
they are often making a strategic decision 
triggered by the intrinsic load of the material 
(Dong et al., 2022; Risko & Gilbert, 2016). 
When this load feels insurmountable, the 
temptation to remove extraneous load through 
automation becomes highly attractive 
(Skulmowski, 2023). Humans have long used 
external mechanisms to store information and 
offload tasks, think writing reminders down on 
paper or posting reminders in your calendar app 
(Gilbert, 2015a; Risko & Gilbert, 2016). Yet, 
every offloading decision carries a pedagogical 
debt that must be accounted for (Kosmyna et 
al., 2025; Rohilla, 2025). With the rise of 
AI-driven automation, that debt is increasing at 
an unprecedented rate (Kosmyna et al., 2025).

To understand the long-term impact of AI on the 
New Majority learner, we must distinguish 
between cognitive debt and pedagogical debt. 
Cognitive debt is the immediate neural deficit 
incurred when a student uses AI to bypass the 
struggle of synthesis, leading to what 
researchers call digital amnesia (Kosmyna et al., 
2025; Krsmanović & Deek, 2025). However, 
when this behaviour becomes the default mode 
of engagement, it aggregates into a broader 
pedagogical debt (Kosmyna et al., 2025; 
Rohilla, 2025). This systemic debt is not just a 
personal lack of retention, but an institutional 
crisis where the efficiency of task completion is 
prioritised over the development of cognitive 
resilience and intellectual agency (Chen et al., 
2025; Selwyn, 2024).

How does cognitive offloading lead to 
"digital amnesia"?

When students move their extraneous load to 
external tools, they undoubtedly increase their 
speed of task completion (Grinschgl et al., 
2021; Risko & Gilbert, 2016). However, this 
efficiency creates a storage vs. encoding 
paradox (Jiang et al., 2018; Kiewra et al., 2018; 
Skulmowski, 2023). The decision to offload 
leads to the creation of biological pointers 
where the brain remembers where to find 
information rather than the knowledge itself 
(Skulmowski, 2023; Sparrow et al., 2011). It is 
the cognitive equivalent of remembering which 
shelf a book is on without ever having read the 
pages. Studies into cognitive offloading show 
that while immediate recall is improved, it 
comes with significant pedagogical debt in 
long-term memory (Grinschgl et al., 2021; 
Kelly & Risko, 2019). While this paradox affects 
all learners, it is particularly damaging for the 
New Majority learner (McGee et al., 2024). For 
these students, frictionless AI is not acting as an 
equalizer but is instead widening existing 
achievement gaps by denying them the 
opportunity to encode material that is crucial for 
achieving mastery (Chen et al., 2025; 
Skulmowski, 2023).
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Learning is a personal process, 
the methods we use vary widely 
as we each try to synthesize 
information to ensure retention. 

This friction is deeply personal. Applying a 
gendered lens reveals a significant disparity in 
how students value and engage in the 
productive friction of manual synthesis. 
Research shows that female students are more 
likely to take notes in class (97%) and believe 
note taking is essential for learning (93%) 
compared to their male counterparts (79%) 
(Morehead et al., 2019). However, the 
intersectionality of the New Majority learner 
means gender is only one lens. When we apply 
a neurodiversity lens, we reveal a population 
that has traditionally struggled with the 
mechanical burden of note taking, often leading 
to reduced engagement with the process 
(Kruger & Doherty, 2016; Bui & Myerson, 
2014). With the evolution of AI-powered tools, 
there is a systemic risk that students who 
already take fewer notes will rely even more 
heavily on full automation (Chen et al., 2025). 
This reduced participation could lessen the 
productive friction necessary for critical 
encoding and deep learning, being further 
disadvantageous to those who most need active 
schema construction to reach mastery (Chen et 
al., 2025; Fan et al., 2024).

Does AI widen the achievement gap for 
New Majority Learners?

The temptation for students who are struggling 
to expand their potential by offloading tasks is 
powerful (Skulmowski, 2023). Yet, these are 
the very learners who must be supported to 
become friction architects by choosing 
intentionally when and where to offload 
(Skulmowski, 2023; Risko & Gilbert, 2016). 
While AI is often positioned as a tool for equity, 
it can, in fact, widen existing gaps for those 
already struggling by denying them the 
desirable difficulties of the encoding process 
(Bjork & Bjork, 2011; Rohilla, 2025). When we 
add the intersectionality lens of the New 
Majority learner, the time poor working parent, it 
becomes critical that institutions move beyond 
frictionless shortcuts and instead provide the 
active scaffolding required for students to 
become the architects of their own learning 
(Chen et al., 2025; Stanford Accelerator for 
Learning, 2024).
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In increasingly digital environments, we have 
already witnessed a reduction in active note 
taking and engagement (Chen et al., 2025; 
Morehead et al., 2019). Students frequently 
bypass the effortful work of encoding, wrongly 
assuming that because information has been 
stored externally, it has been encoded internally 
(Kiewra et al., 2018; Skulmowski, 2023). This 
belief is a deceptive indicator of mastery, 
creating the fluency illusion (Bjork, Dunlosky, & 
Kornell, 2013). When we apply empirical 
research to AI-assisted learning, we see a 
strong negative correlation between 
high-frequency AI offloading and critical 
thinking scores of a reduction of 17% (Rohilla, 
2025). When the "struggle" of productive 
friction and reflective processing is removed, the 
cognitive resilience required for deep analysis 
begins to atrophy (Fan et al., 2024; Rohilla, 
2025).

Students using AI need to be clear about when 
it is helpful in reducing extraneous load and 
when it is affecting and inhibiting their learning 
(Chen et al., 2025; Skulmowski, 2023). When 
students fully outsource the writing of 
assignments to AI they receive a higher 
performing essay but no increase in transfer of 
knowledge or retention of the content (Fan et 
al., 2024). Those who face challenges with task 
initiation may look to this shortcut without 
understanding the widening gap of pedagogical 
debt it will create (Kosmyna et al., 2025; 
Rohilla, 2025).

How does the "fluency illusion" affect 
AI-assisted learning?

AI usage levels generally fall into three 
categories: low-level, mid-level, and full task 
offloading (Chen et al., 2025). Low-level AI, 
such as transcription, is a known feature that 
offers multiple means of material 
representation. Transcription along with 
captions enable New Majority learners to 
re-engage with lectures refocussing or relieving 
the capture panic knowing low-level AI is 
available to help (Kruger & Doherty, 2016; 
McGee et al., 2025). This use of AI can be seen 
as equalising (Kruger & Doherty, 2016). 

However, studies evaluating the impact of fully 
offloading tasks show significant negative 
consequences (Chen et al., 2025; Rohilla, 
2025). Students who delegated note taking to 
AI experienced substantial score reductions, 
35% in one study (Chen et al., 2025) and 24% 
in another (Kreijkes et al., 2026). Overall, 
learning outcomes were observed to be reduced 
by 22% (Rohilla, 2025). The pedagogical debt 
of offloading note taking to AI has to be 
evaluated (Kosmyna et al., 2025). Studies 
showing that the lack of productive friction is 
impacting student outcomes highlight the 
importance of EdTech tools to be friction 
architects removing extraneous load for 
students but encouraging the productive friction 
necessary for effective learning (Chen et al., 
2025; Skulmowski, 2023).
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Just as students historically preferred passive 
strategies like re-reading, mistaking fluency for 
mastery (Bjork et al., 2013; Dunlosky et al., 
2013), the same behavior is appearing with AI 
(Chen et al., 2025). Students prefer the passive 
consumption of offloaded notes because it feels 
"easier" (Kreijkes et al., 2026). However, this 
ease is a deceptive indicator of learning (Bjork 
et al., 2013; Chen et al., 2025).

The lack of productive friction within educational 
environments directly impacts student 
achievement and necessitates a fundamental 
shift in how we design and select edtech (Chen 
et al., 2025; Rohilla, 2025). Tools must act as 
friction architects by removing the extraneous 
load of mechanical capture while fiercely 
protecting the productive friction of synthesis 
necessary for learning (Kruger & Doherty, 
2016). 

How does the "fluency illusion" affect 
AI-assisted learning? (cont.)

While AI is frequently positioned as a tool for 
equity, and can afford New Majority learners 
some benefit, it can in fact widen existing gaps 
(McGee et al., 2025; Rohilla, 2025). The time 
poor working student can be forgiven for falling 
for the allure of a frictionless shortcut (Fan et 
al., 2024). Yet these shortcuts often act as a 
barrier to true academic social mobility (Rohilla, 
2025). It is therefore critical that institutions 
move beyond the trap of frictionless automation 
and instead provide the active scaffolding 
required for students to become the architects of 
their own learning (Chen et al., 2025). By 
intentionally preserving the struggle of 
synthesis, we ensure that technology serves as 
an equalizer of capability rather than just an 
equalizer of task completion (Fan et al., 2024).
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Alongside the three levels of AI, how students 
position AI in their learning approach is also key. 
The trust they place in this additional thought 
partner can be problematic (Gerlich, 2025). 
Even when students are aware that AI can 
hallucinate, they tend to still rely on its outputs 
(Gao et al., 2022; Li & Little, 2023). This 
misplaced trust is compounded by the reliability 
gap. In academic writing, for instance, AI often 
generates persuasive arguments supported by 
'hallucinated' citations, where the tool fabricates 
sources and evidence that do not exist. When 
students accept these descriptions without 
understanding the underlying logic, they accrue 
significant pedagogical debt (Kosmyna et al., 
2025).

The sophisticated, authoritative tone of AI 
language often bypasses a student's critical 
filters (Petricini, 2025). Doubts about accuracy 
and authenticity are frequently silenced by the 
fluency of the output (Bjork et al., 2013; 
Skulmowski, 2023). Drawing on Bjork & Bjork’s 
(2011) concept of desirable difficulties, we 
propose students must become friction 
architects, intentionally reintroducing the 
productive friction of learning as they conduct 
synthesis and verification (Chen et al., 2025; 
Kosmyna et al., 2025). The risks of passive 
acceptance of AI outputs are quantifiable. In a 
study evaluating AI-generated medical 
references, 39% lacked a Digital Object 
Identifier (DOI), and 16% were entirely 
non-existent (Athaluri et al., 2023). Students 
cannot treat AI as a frictionless search engine, 
they must engage in the productive friction of 
auditing every claim (Chen et al., 2025; McGee 
et al., 2025).

What are the ethical implications of AI, and how do 
they contribute to pedagogical debt?

AI is biased by design, reflecting the data on 
which it was trained (McGee et al., 2025; Zhai 
et al., 2024). This doesn't just result in factual 
errors, it risks perpetuating harmful stereotypes 
(Grassini, 2023; Mbalaka, 2023). With 94% of 
studies into AI learning tools happening in 
Western industrialised countries, global 
populations are not represented nor being 
supported by the biases in AI. AI datasets are 
sourced from economically advanced countries 
so therefore it is no surprise that in a systematic 
review of AI-based learning tools it was found 
that only 4 out of 63 studies were conducted in 
countries with low or medium Human 
Development Index (HDI) rankings (Luo et al., 
2025). The pervasive use of these datasets 
leads to a form of semantic imperialism, as 
western-centric viewpoints dominate the global 
AI discourse, thereby obscuring alternative 
narratives and marginalizing non-western 
perspectives (Petricini, 2025).

To protect the New Majority learner and prevent 
them from passively inheriting systemic biases 
and linguistic prejudices embedded in AI 
outputs, we must avoid a "frictionless" 
experience (McGee et al., 2025; Petricini, 
2025). It is critical to acknowledge that to create 
equity in the age of AI we all need to become 
friction architects validating AI outputs to avoid 
amplifying existing disparities (Chen et al., 
2025; Luo et al., 2025).
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Skill atrophy occurs like muscle atrophy when 
skills are not used, stretched or developed (Fan 
et al., 2024; Niloy et al., 2024). As learners 
increasingly become tempted to offload tasks in 
whole new ways they risk increasing 
pedagogical debt that may not be ever 
rebalanced (Kosmyna et al., 2025). When tasks 
are repeatedly offloaded skills become 
degraded (Risko & Gilbert, 2016). The 
decreased expenditure of mental effort when 
using AI causes significant degradation of basic 
cognitive abilities (Krsmanović & Deek, 2025). 
Beyond this, curiosity is stifled. As students rely 
on AI, their interest in validation dwindles as 
does their inquisitiveness (Rohilla, 2025). Most 
significantly, empirical research indicates that 
high dependence on AI tools correlates with a 
17.3% reduction in critical thinking scores 
compared to low-frequency users (Rohilla, 
2025).

Task initiation skills are being degraded as 
increased AI usage develops (Lee et al., 2026). 
Students struggle to begin tasks without 
technological assistance (Rohilla, 2025). Many 
New Majority learners already struggled to 
begin tasks, meaning the intended equalizer of 
AI, in providing scaffolded support to start, has 
created a new problem in the degradation of 
limited skills (McGee et al., 2025). In test 
environments, students enter a state of inertia 
without the familiar AI tools they rely on for 
support (Krsmanović & Deek, 2025; Rohilla, 
2025). What was intended to be a scaffold and 
an equalizer has become a crutch. Without it, 
the student cannot function with almost 50% of 
students saying they are reliant now on this AI 
crutch (Krsmanović & Deek, 2025).

Why does AI dependence stifle curiosity 
and critical thinking?

The skill of recalling information is diminished as 
students rely on offloaded external storage 
meaning over a fifth of concepts are immediately 
forgotten when compared to manual note taking 
(Rohilla, 2025). This creates a digital amnesia 
where students recall the memory traces but 
not the knowledge needed (Grinschgl et al., 
2021; Krsmanović & Deek, 2025; Sparrow et 
al., 2011). While students prefer the fluency 
and ease of automated AI note taking, their test 
scores indicate mid-level AI or no AI usage are 
the only way to ensure knowledge is retained 
and synthesised (Chen et al., 2025).

To ensure neurocognitive health, institutions 
must empower both educators and students to 
become friction architects (Firth et al., 2019). 
Rather than accepting the path of least 
resistance, friction architects intentionally design 
learning interactions that prioritize strategic 
scaffolding over total automation (Chen et al., 
2025). By requiring students to attempt a task 
independently before consulting AI, friction 
architects ensure that the neural pathways 
associated with active reasoning are fully 
activated before external support is introduced 
(Kapur, 2023; Rohilla, 2025).
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In conclusion, it is clear that the 
integration of AI into the 
educational landscape 
represents a definitive crossroads 
for the New Majority learner 
(McGee et al., 2025). 

While the promise of frictionless automation 
offers an attractive solution to the time poverty 
and mechanical burdens faced by many 
students, we must recognize it for what it truly 
is, a deceptive shortcut that trades long-term 
capability for short-term efficiency (Chen et al., 
2025; Rohilla, 2025). By bypassing the 
essential struggle of encoding, decoding, and 
synthesis, we risk graduating a generation of 
students who possess the biological pointers to 
find information but lack the cognitive 
architecture to understand or apply it (Jiang et 
al., 2018; Skulmowski, 2023). This is 
powerfully illustrated by neurophysiological 
data demonstrating that frictionless AI bypasses 
internal encoding entirely. When 83% of 
students had difficulty quoting their own work 
immediately after writing and none could 
provide an accurate quote, we must take action 
and create opportunities for students to become 
friction architects. (Kosmyna et al., 2025)

Conclusion

The rise of metacognitive laziness and the 
subsequent accumulation of pedagogical debt 
are not inevitable consequences of technology, 
but rather the results of how we choose to 
deploy it (Fan et al., 2024). To protect the 
intellectual agency of our students, especially 
New Majority learners, institutions must pivot 
away from the pursuit of a frictionless 
experience (Selwyn, 2024). We must instead 
embrace the role of the friction architect, 
intentionally designing tools and curricula that 
preserve the desirable difficulties necessary for 
deep learning (Bjork & Bjork, 2011; Chen et al., 
2025). By moving from a model of AI 
dependency to one of cognitive augmentation, 
we transform technology from a crutch into a 
powerful scaffold (Rohilla, 2025).

Ultimately, true equity in the age of AI is not 
found in making the path to an answer easier, it 
is found in ensuring every student has the 
opportunity to engage in the productive friction 
that leads to mastery (McGee et al., 2025; 
Rohilla, 2025). As friction architects, our goal is 
to empower learners to audit, verify, and 
synthesise, ensuring they are not passive 
observers of their own education but rigorous 
critics and active creators (Petricini, 2025; Zhai 
et al., 2024). By fiercely protecting the internal 
struggle of the mind, we ensure that the New 
Majority learner achieves more than just task 
completion, they achieve the academic social 
mobility and critical resilience required to thrive 
in a complex, automated world (Selwyn, 2024).

The impact of AI on note taking in higher education



Bibliography

Albers, F., Trypke, M., Stebner, F., Wirth, J., & Plass, J. L. (2023). Different types of redundancy and their effect on learning and cognitive load. 
British Journal of Educational Psychology, 93(S2), 339–352. https://doi.org/10.1111/bjep.12592

Athaluri, S. A., Manthena, S. V., Kesapragada, V. K. M., Yarlagadda, V., Dave, T., & Duddumpudi, R. T. S. (2023). Exploring the boundaries of 
reality: Investigating the phenomenon of artificial intelligence hallucination in scientific writing through ChatGPT references. Cureus, 15(4), 
e37432. https://doi.org/10.7759/cureus.37432

Bjork, E. L., & Bjork, R. A. (2011). Making things hard on yourself, but in a good way: Creating desirable difficulties to enhance learning. In M. A. 
Gernsbacher, R. W. Pew, L. M. Hough, & J. R. Pomerantz (Eds.), Psychology and the real world: Essays illustrating fundamental contributions to 
society (pp. 56–64). Worth Publishers.

Chen, L., Chen, P., & Lin, Z. (2020). Artificial intelligence in education: A review. IEEE Access, 8, 75264–75278. 
https://doi.org/10.1109/ACCESS.2020.2988510

Chen, R., Lee, V. R., Kuo, A. C., Pope, D. C., & Miles, S. (2026). Cheating in the second year of generative AI chatbots: A follow-up study on high 
school student cheating behaviors. Educational Technology Research and Development. https://doi.org/10.1007/s11423-026-10587-1

Chen, X., Ruan, K., Ju, K. P., Yap, N., & Wang, X. (2025). More AI assistance reduces cognitive engagement: Examining the AI assistance 
dilemma in AI-supported note-taking. Proceedings of the ACM on Human-Computer Interaction, 9(CSCW2), Article 451. 
https://doi.org/10.1145/3757632

Corbin, T. A., & Walton, J. (2025). The missing story of GenAI summarisers: A critical research agenda. Higher Education Research & 
Development. https://doi.org/10.1080/07294360.2025.2486185

David, L., Biwer, F., C., R., & de Bruin, A. B. H. (2024). The challenge of change: Understanding the role of habits in university students’ 
self-regulated learning. Higher Education. https://doi.org/10.1007/s10734-024-01199-w

Digital Education Council. (2024). Student voices on AI: An actionable guide for institutions and faculty [Report].

Dunlosky, J., Rawson, K. A., Marsh, E. J., Nathan, M. J., & Willingham, D. T. (2013). Improving students’ learning with effective learning 
techniques: Promising directions from cognitive and educational psychology. Psychological Science in the Public Interest, 14(1), 4–58. 
https://doi.org/10.1177/1529100612453266

Fan, Y., Tang, L., Le, H., Tan, S., Rong, J., Rakovic, M., Tsai, Y.-S., & Gašević, D. (2024). Beware of metacognitive laziness: Effects of generative 
artificial intelligence on learning motivation, processes, and performance. British Journal of Educational Technology, 56(2), 489–530. 
https://doi.org/10.1111/bjet.13544

Fanguy, M., Baldwin, M., Shmeleva, E., Lee, K., & Costley, J. (2023). How collaboration influences the effect of note-taking on writing 
performance and recall of contents. Interactive Learning Environments, 31(7), 4057–4071. https://doi.org/10.1080/10494820.2021.1950772

Gerlich, M. (2025). AI tools in society: Impacts on cognitive offloading and the future of critical thinking. Societies, 15(1), 6. 
https://doi.org/10.3390/soc15010006

Grinschgl, S., Papenmeier, F., & Meyerhoff, H. S. (2021). Consequences of cognitive offloading: Boosting performance but diminishing memory. 
Quarterly Journal of Experimental Psychology, 74(9), 1477–1496. https://doi.org/10.1177/17470218211008060

Jiang, Y., Clarke-Midura, J., Keller, B., Baker, R. S., Paquette, L., & Ocumpaugh, J. (2018). Note-taking and science inquiry in an open-ended 
learning environment. Contemporary Educational Psychology, 55, 12–29. https://doi.org/10.1016/j.cedpsych.2018.08.004

Jin, S.-H., Im, K., Yoo, M., Roll, I., & Seo, K. (2023). Supporting students’ self-regulated learning in online learning using artificial intelligence 
applications. International Journal of Educational Technology in Higher Education, 20, 37. https://doi.org/10.1186/s41239-023-00406-5

Kiewra, K. A., Colliot, T., & Lu, J. (2018). Note this: How to improve student note taking. IDEA Paper #73, 1–13.

Kosmyna, N., Hauptmann, E., Yuan, Y. T., Situ, J., Liao, X., Beresnitzky, A. V., Braunstein, I., & Maes, P. (2025). Your brain on ChatGPT: 
Accumulation of cognitive debt when using an AI assistant for essay writing task. arXiv preprint arXiv:2506.08872.

Krammer, S. M. S. (2023). Is there a glitch in the matrix? Artificial intelligence and management education. Management Learning. 
https://doi.org/10.1177/13505076231217667

Kreijkes, P., Kewenig, V., Kuvalja, M., Lee, M., Hofman, J. M., Vitello, S., Sellen, A., Rintel, S., Goldstein, D. G., Rothschild, D., Tankelevitch, L., & 
Oates, T. (2026). Effects of LLM use and note-taking on reading comprehension and memory: A randomised experiment in secondary schools. 
Computers & Education, 243, 105514. https://doi.org/10.1016/j.compedu.2025.105514

Krsmanović, M., & Deek, F. (2025). The impact of AI on cognitive skills in higher education. Journal of Higher Education Theory and Practice, 
25(1), 52–63.

Kruger, J.-L., & Doherty, S. (2016). Measuring cognitive load in the presence of educational video: Towards a multimodal methodology. 
Australasian Journal of Educational Technology, 32(6). https://doi.org/10.14742/ajet.3084



Bibliography (cont.)

Kruger, J.-L., & Doherty, S. (2016). Measuring cognitive load in the presence of educational video: Towards a multimodal methodology. 
Australasian Journal of Educational Technology, 32(6). https://doi.org/10.14742/ajet.3084

Kuleto, V., Ilić, M., Dumangiu, M., Ranković, M., Martins, O. M. D., & Paun, D. (2021). Artificial intelligence and machine learning in higher 
education institutions. Sustainability, 13(18), 10424. https://doi.org/10.3390/su131810424

Lee, V. R., Pope, D., Miles, S., & Zárate, R. C. (2024). Cheating in the age of generative AI: A high school survey study of cheating behaviors 
before and after the release of ChatGPT. Computers and Education: Artificial Intelligence, 7, 100253. 
https://doi.org/10.1016/j.caeai.2024.100253

Luo, J., Zhai, C., Yue, J., & Huang, T. (2025). Design and assessment of AI-based learning tools in higher education: A systematic review. 
International Journal of Educational Technology in Higher Education, 22, 42. https://doi.org/10.1186/s41239-025-00540-2

Luo, L., Kiewra, K. A., & Samuelson, L. (2016). Revising lecture notes: How revision, pauses, and partners affect note taking and achievement. 
Instructional Science, 44, 45–67. https://doi.org/10.1007/s11251-016-9370-4

McGee, N. J., Kozleski, E., Lemons, C. J., & Hau, I. C. (2025). AI + learning differences: Designing a future with no boundaries [White paper]. 
Stanford Accelerator for Learning, Stanford University.

Morales-García, W. C., Sairitupa-Sanchez, L. Z., Morales-García, S. B., & Morales-García, M. (2024). Development and validation of a scale for 
dependence on artificial intelligence in university students. Frontiers in Education, 9, 1323898. https://doi.org/10.3389/feduc.2024.1323898

Morehead, K., Dunlosky, J., Rawson, K. A., Blasiman, R., & Hollis, R. B. (2019). Note-taking habits of 21st century college students: Implications 
for student learning, memory, and achievement. Memory, 27(6), 807–819. https://doi.org/10.1080/09658211.2019.1569694

Murphy, D. H., Little, J. L., & Bjork, E. L. (2023). The value of using tests in education as tools for learning—Not just for assessment. Educational 
Psychology Review, 35, 89. https://doi.org/10.1007/s10648-023-09804-7

Ng, D. T. K., Leung, J. K. L., Chu, S. K. W., & Qiao, M. S. (2023). Teachers’ AI digital competencies and twenty-first century skills in the 
post-pandemic world. Educational Technology Research and Development, 71, 137–161. https://doi.org/10.1007/s11423-023-10203-6

Petricini, T. (2025). The power of language: Framing AI as an assistant, collaborator, or transformative force in cultural discourse. AI & Society. 
https://doi.org/10.1007/s00146-025-02586-2

Rohilla, A. (2025). Impact of excessive AI tool usage on the cognitive abilities of undergraduate students: A mixed method study. Advance 
Social Science Archive Journal, 4(1), 2131–2143. https://doi.org/10.55966/assaj.2025.4.1.0115

Rovers, S. F. E., Stalmeijer, R. E., van Merriënboer, J. J. G., Savelberg, H. H. C. M., & de Bruin, A. B. H. (2018). How and why do students use 
learning strategies? A qualitative study on learning strategies and desirable difficulties with effective strategy users. Frontiers in Psychology, 9, 
2501. https://doi.org/10.3389/fpsyg.2018.02501

Salame, I. I., Tuba, M., & Nujhat, M. (2024). Note-taking and its impact on learning, academic performance, and memory. International Journal of 
Instruction, 17(3), 599–616. https://doi.org/10.29333/iji.2024.17333a

Selwyn, N. (2024). On the limits of artificial intelligence (AI) in education. Nordisk tidsskrift for pedagogikk og kritikk, 10, 3–14. 
https://doi.org/10.23865/ntpk.v10.6062

Skulmowski, A. (2023). Cognitive externalization in digital learning: A cognitive load perspective. Educational Psychology Review, 35, 101. 
https://doi.org/10.1007/s10648-023-09818-1

Vieriu, A. M., & Petrea, G. (2025). The impact of artificial intelligence (AI) on students’ academic development. Education Sciences, 15(3), 343. 
https://doi.org/10.3390/educsci15030343

Wahn, B., Schmitz, L., Gerster, F. N., & Weiss, M. (2023). Offloading under cognitive load: Humans are willing to offload parts of an 
attentionally demanding task to an algorithm. PLOS ONE, 18(5), e0286102. https://doi.org/10.1371/journal.pone.0286102

Walck-Shannon, E. M., [et al.]. (2021). To what extent do study habits relate to performance? CBE—Life Sciences Education, 20(1), ar6.

Wilson, J. T., Miller-Goldwater, H. E., Porter, B. M., & Bauer, P. J. (2023). Learning neuroscience: Investigating influences of notetaking materials 
and individual differences. Journal of Experimental Psychology: Applied.

Zawacki-Richter, O., Marín, V. I., Bond, M., & Gouverneur, F. (2019). Systematic review of research on artificial intelligence applications in higher 
education – where are the educators? International Journal of Educational Technology in Higher Education, 16, 39. 
https://doi.org/10.1186/s41239-019-0171-0

Zhai, C., Wibowo, S., & Li, L. D. (2024). The effects of over-reliance on AI dialogue systems on students’ cognitive abilities: A systematic review. 
Smart Learning Environments, 11, 28. https://doi.org/10.1186/s40561-024-00316-7

Zhang, S., Zhao, X., Zhou, T., & Kim, J. H. (2024). Do you have AI dependency? The roles of academic self-efficacy, academic stress, and 
performance expectations on problematic AI usage behavior. International Journal of Educational Technology in Higher Education, 21, 34. 
https://doi.org/10.1186/s41239-024-00468-z


