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Abstract. Current educational approaches often treat GenAl access as
binary, permit or prohibit, failing to accommodate learning’s develop-
mental nature. This one-size-fits-all approach risks either depriving stu-
dents of valuable learning opportunities or enabling over-reliance that
undermines skill development. While recent work explores instructor-
configurable GenAl, no approach treats governance as an adaptive per-
learner scaffold based on demonstrated competency. We propose co-
evolving boundaries: GenAl constraints that evolve dynamically with
student competency. Grounded in pedagogical theories (Zone of Proxi-
mal Development, scaffolding, mastery learning) and technical capabili-
ties (learning analytics, configurable GenAlI), adaptive boundaries would
evolve through three developmental stages negotiated among students,
teachers, and GenAl systems: restrictive scaffolding for novices, selec-
tive access with over-reliance monitoring for intermediate learners, and
open collaboration for advanced students. We present four research ques-
tions addressing boundary negotiation, competency detection, trans-
parency, and evaluation. This transforms GenAl from a policy concern
into a human-centered pedagogical instrument, enabling co-evolution of
AT constraints and student competency while balancing personalization
with equity, transparency with usability, and autonomy with guidance.

Keywords. Al in Education, Human-Centered Al, Adaptive AI, Human-
ATl Co-Evolution, Generative Al

1. Introduction

With the ever-increasing presence of GenAl, educators have been tasked with de-
ciding its role in the classroom. They can choose to ban the use of GenAl entirely,
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but this risks losing pedagogical opportunities [1]. On the other hand, if they allow
GenAl tools, there is a risk of student over-dependence and underdevelopment, of
foundational skills (e.g., writing, critical thinking, problem-solving) [2]. A study
of the guidelines of the top 50 U.S. universities shows that 94% already advise
their faculty to implement course-specific guidelines on GenAl [3]. As a result,
many institutional guidelines address surface-level concerns like plagiarism while
failing to address deeper ethical and governance challenges (e.g., transparency, ac-
countability, student data protection), leaving educators without actionable pol-
icy support [4]. Lately, research is increasingly mediating student-GenAl inter-
actions through configurable monitoring and output alignment, moving beyond
“ban vs. allow” decisions [5]. For example, Ortega-Arranz et al. [5] enable teach-
ers to pre-configure how GenAl responds, such as enforcing scaffolding instead of
direct solutions, adding prompt modifiers to align answers with students’ curricu-
lum, and setting constraints like answer length or controlled hallucination rates
to shape pedagogical outcomes. However, the configuration of such monitoring
and alignment tools is typically set at the course/teacher level rather than as
a developmental scaffold that adapts per learner as competencies emerge. Such
one-size-fits-all policies fail to accommodate varying levels of expertise, which has
been shown to negatively impact the learning process [6].

This one-size-fits-all approach reveals a conceptual gap in how we think about
GenAl in education. Most policies are like filters: binary decisions on what to
block or allow, enforced across all students [7,8]. These static approaches overlook
the developmental nature of the learning process. Previous research on scaffolding
has demonstrated that effective support systems should adapt as the student
progresses [9], thus staying within the student’s Zone of Proximal Development
(ZPD) [10]. If we apply the same logic to GenAl, it should function less as a
static tool to be permitted or prohibited and more as instructional support whose
pedagogical value depends on how and when it is introduced.

Several recent developments suggest that adaptive approaches to GenAl gov-
ernance are increasingly viable. First, GenAlI has become widespread and is acces-
sible to anyone with an internet connection. This leads many students to already
use the technology, with or without permission. Second, recent UNESCO guid-
ance calls for context-sensitive approaches to GenAl that account for different
student levels instead of overly uniform or restrictive policies [11]. Third, tech-
nology has evolved to detect competency signals from interaction patterns [12],
creating opportunities to scaffold more traditional learning content. At the same
time, GenAl systems have evolved to provide more personalized interactions at a
large scale [1]. We believe the combination of mature pedagogical theories, ever-
advancing technological capabilities, and the recent institutional urgency provides
the basis for a human-centered reconceptualization of GenAl in education.

In this paper, we explore this reconceptualization: what if GenAI boundaries
in education were adaptive rather than fixed? What if access restrictions evolved
with student competency, negotiated dynamically among students, teachers, and
GenAl systems? Instead of asking “Can this student use GenAI?”, a binary ques-
tion that ignores developmental context, we might ask “What interactions with
GenAl serve this student’s growth right now?”



We explore this new concept across three sections. In Section 2, we introduce
how adaptive boundaries can function as scaffolding that is reduced as the stu-
dent’s competency develops. Section 3 explains how this is now possible, draw-
ing on mature pedagogical theories combined with emerging technological ca-
pabilities. Finally, we identify research questions around detection, negotiation,
transparency, and evaluation in Section 4.

2. Adaptive Boundaries as Pedagogical Scaffolds

We propose to reconceptualize GenAl policies as adaptive boundaries that can
scaffold based on the students’ demonstrated competency. Compared to static
boundaries that either block or allow specific GenAl uses [7,8], adaptive bound-
aries regulate which GenAl uses are available to a student based on their current
mastery of a certain skill or topic. We envision these adaptations as a human-
AT collaborative negotiation between three stakeholder groups: (1) students, who
signal competency through their learning behaviors; (2) instructors, who define
learning goals and pedagogical constraints; and (3) the GenAl system itself, which
mediates between the two by adapting its available features.

2.1. How Adaptive Boundaries Function

A key part of the adaptive boundaries is the signals a system can use to inform
boundary changes. These signals should inform the system of students’ compe-
tency development and can take many forms. For example, the frequency and
depth of questions asked to a GenAl system [13], patterns in task completion in
online learning environments [14], and the ability to critically evaluate GenAl out-
put [15]. Instructors complement these signals by setting pedagogical milestones
that define minimum requirements for a given competency or learning objective
before the boundaries evolve. For example, a writing instructor might require
students to demonstrate proper argumentation before allowing GenAl-assisted
writing, while a programming instructor might already allow immediate access to
code generation but require students to explain and modify the output.

After instructors set these pedagogical milestones, (Gen)AI systems can serve
as an adaptive layer that scaffolds available features based on students’ detected
competencies and the instructors’ pedagogical plan. For example, a system might
initially require students to attempt a problem before offering hints, then gradu-
ally shift to on-demand assistance as their competencies develop. Importantly, this
adaptation should be bidirectional: boundaries can loosen, but they should also
tighten again during assessments or when the signals suggest over-reliance [16].
With this mechanism, GenAl in education would shift from “Are students allowed
to use GenAlI?” to “What GenAl uses serves this student’s growth right now?”

2.2. Boundary Adaptation Across Learning Stages

As explained above, the adaptive boundaries only change when the students de-
velop sufficient competency. Based on established models for skill acquisition [17]



and mastery learning [18], we discern three stages where GenAl serves fundamen-
tally different purposes: a novice, intermediate, and advanced stage.

At the novice stage, boundaries are most restrictive, as early access to (ex-
cessive) GenAl risks undermining the development of foundational skills [2]. Fur-
thermore, research indicates that the same tool can benefit some students while
negatively impacting others [6]; therefore, the system should first build an initial
model of the student before personalizing the learning process. Because of this, the
novice-stage boundaries should ensure that GenAl exposes its reasoning, requires
metacognitive reflection before providing answers, and only gives direct solutions
after the student has made a meaningful attempt, which aligns with teachers’ de-
mand for pedagogical GenAl configurations [5]. Next, at the intermediate stage,
boundaries become more flexible, allowing identification and targeted addressing
of gaps in students’ competencies. At this stage, the primary risk is the creation
of an over-reliance on the newly unlocked tools by students, who use them to
offload cognitive work rather than further develop their own competencies [16].
The system should monitor interaction patterns for signs of over-reliance, such as
passive help-seeking without articulation of knowledge gaps, or uncritical adop-
tion of Al-generated outputs [19], and should temporarily restrict access if such
patterns emerge [15]. Finally, at the advanced stage, boundaries are largely open,
and GenAl can function as a true collaborator, comparable with a professional
tool or work colleague [1]. Even at the advanced stage, boundaries can tighten
again during assessments in which students need to demonstrate competencies,
for example, by applying them in new contexts [20]. Together, these stages show
that adaptive boundaries are not just access controls, but pedagogical instruments
that co-evolve with the student, turning what is typically a policy constraint into
a mechanism for guided growth.

3. Foundations for Adaptive Boundaries

The adaptive boundaries we describe in Section 2 build on components that al-
ready exist independently: decades of research on adaptive instruction, mature
learning analytics pipelines, and, in recent times, increasingly flexible and avail-
able GenAlI platforms. While combining these into a coherent system is nontrivial,
the necessary foundations are already in place. In this section, we examine the
pedagogical theories (Section 3.1) and technical capabilities (Section 3.2) that can
serve as a foundation for future work on developing adaptive boundary systems.

3.1. Pedagogical Foundations

The pedagogical foundation for adaptive boundaries is that the appropriate level
of (GenAl) support depends on a student’s developmental stage. This starts with
Vygotsky’s Zone of Proximal Development (ZPD) [10], which shows that learning
is most effective when the support system targets tasks that the student cannot
yet accomplish independently, but can with appropriate guidance or collaboration.
This was extended by Wood et al. [9] through the concept of scaffolding, in which
support systems are gradually reduced as the student gains competence. We apply



the same logic to adaptive GenAl boundaries, which scaffold not the learning
content itself, but the student’s access to GenAl.

This is further supported by mastery learning, which supports the idea of
competency-based rather than time-based scaffolding [18]. Bloom showed that
when students need to reach a predefined level of mastery before advancing, most
can achieve results previously achieved only by top performers [18]. Similarly, the
Dreyfus model of skill acquisition [17] describes a progression from rule-following
novices to intuitive experts, with different support needs at each stage. The adap-
tive boundaries are based on these theories, defining different GenAl roles at each
phase of competency development.

Finally, research on Intelligent Tutoring Systems (ITSs) demonstrates that
such personalization is possible at scale. An analysis by VanLehn [21] found that
step-based ITSs, systems that adapt after each problem-solving step, can be as
effective as a one-on-one tutor. Similarly, systems that support students’ metacog-
nitive skills (e.g., through self-assessment) have shown that students can regulate
their own learning when given adequate feedback [22]. The combination of these
findings suggests that the fine-grained, competency-based adaptation required for
adaptive boundaries is theoretically sound and has proven learning gains. We pro-
pose to extend such adaptive logic beyond a single ITS, to the broader governance
of GenAl tools in educational settings.

3.2. Technical Readiness

On the technical side, detecting student progression, personalizing tool access,
and dynamically configuring boundaries each draw on established research ar-
eas. Below, we discuss how advances in learning analytics and GenAl platforms
provide the technical basis for adaptive boundaries.

Previous research on learning analytics has already established that interac-
tion patterns can contain reliable signals for student development: clickstream
data from online learning environments can predict student performance [23,24]
and reveal self-regulatory behavior [14]. Additionally, process mining techniques
can identify how students approach learning [25] and language analysis of student-
GenALl interactions can surface the nature of student questions [13]. Finally, ma-
chine learning classifiers have already demonstrated the ability to detect com-
petency signals from technology-mediated interactions with reasonable accu-
racy [12]. Taken together, this prior work shows how signals from various interac-
tion data can be modeled and acted upon. This can provide the technical founda-
tion needed for adaptive boundaries that determine when a student should receive
a different level of GenAl access.

The GenAl platforms themselves (e.g., ChatGPT, Claude, Ollama) already
support the personalized interactions that adaptive boundaries require. These
systems can adjust their behavior through a system prompt that contains in-
structions on what personality they should mimic, the expertise level they can
expect from the student, answers they can provide, etc. This configurability and
adaptability mean that a single GenAl system could be used to implement all
the boundaries through prompting, rather than designing a dedicated system for
each stage.



In conclusion, we find that adaptive boundaries do not require exotic technol-
ogy. Process-based grading that evaluates not just the final output, but also the
steps leading to that output, is already common in learning platforms [22] and
metadata-driven configuration, where systems adapt to the user, is more accessi-
ble than ever with the rise of GenAl tools. What is missing is not any individ-
ual capability, but the conceptual integration of these governance and configura-
tion capabilities with developmental scaffolding: boundaries that are (i) learner-
specific, (ii) evidence-driven (e.g., via learning analytics), and (iii) designed to
evolve over time as competency and contexts change.

4. Research Questions and Methods

In this section, we discuss four interrelated research questions (RQ) and their
methodological approach to achieve adaptive pedagogical boundaries. These ques-
tions are designed to cover the entire lifecycle of systems integrating adaptive
pedagogical boundaries. These questions cover the following topics: negotiating
boundaries among stakeholders, detecting when students are ready for changes,
making the logic transparent, and evaluating whether the approach achieves its
pedagogical goals.

RQ1 “How should boundaries be negotiated among students, teachers, and
GenAl systems to balance competing priorities?”: This question aims to balance
competing priorities such as teacher authority, student agency, and algorithmic
assessment, or standardization for equity and personalization for effectiveness [26].
During the negotiation, teachers must set developmental goals aligned with their
pedagogical philosophy, while students should be able to have input in the bound-
aries set with regard to how they can use GenAl, as it impacts their agency [27].
The negotiated boundaries can also change over time. They might need to loosen
as competency develops, but could also tighten during high-stakes assessments or
even reverse at mastery when students need to demonstrate independent capa-
bility. This question could be explored through participatory boundary negotia-
tion methods, involving educators and students in collaborative sessions that use
speculative scenarios to surface value conflicts and co-design activities to explore
how boundaries might be configured across different educational contexts.

RQ2 “What interaction patterns reliably indicate a student is ready for bound-
ary shifts?”: This question addresses the technical challenge of detecting com-
petency development through observable behaviors. Since adaptive boundaries
should respond to individualized learning progress, the system requires interac-
tion data that indicate a student’s mastery of a specific skill or topic. There are
many signal types, such as clickstreams in online courses [14], question topics [13],
and self-assessment accuracy [22], but detecting readiness remains challenging,.
When using too few metrics, we risk oversimplifying the situation (e.g., a student
might demonstrate technical skills while lacking critical thinking skills, or vice
versa). Furthermore, the temporal pattern of the data is also important: short-
term performance spikes can indicate surface learning rather than deep under-
standing [28]. This question could be explored through process mining techniques



applied to learning management system data [25], combining clickstream anal-
ysis [23,24] with qualitative methods such as think-aloud protocols to validate
whether detected patterns actually correspond to meaningful competency devel-
opment. Machine learning models could identify combinations of behavioral in-
dicators that predict successful performance on transfer tasks, while longitudinal
studies track how interaction patterns evolve as students develop expertise.

RQ3 “How can boundary logic be made transparent without creating cognitive
overload?”: The goal of this question is to find a balance between explainability
and usability in adaptive boundary systems. All parties should be able to under-
stand why certain GenAl features are available or restricted at any given moment.
Black-box systems that do not provide meaningful explanations for their outputs
risk undermining trust and reducing the agency of the involved parties [29]. How-
ever, as discussed in RQ2, educational Al requires vast amounts of data, which
often leads to complex models that are difficult to understand. This is further
complicated by the fact that excessive explanations can overwhelm users or dis-
tract from learning goals [30], and by the different needs of varying stakeholders:
students need understanding of what they can currently do and what progress
would unlock additional access, teachers need insight into the pedagogical ratio-
nale for boundary configurations to maintain instructional alignment, and admin-
istrators need accountability mechanisms to ensure fairness and consistency. The
challenge of this research question thus not only lies in being able to fully explain
a system, as it would possibly confuse its users, but also in finding an appropriate
balance without oversimplifying too much [31]. Informed by previous frameworks
on Explainable AT (XAI) in education [29], we envision a transparency mechanism
that can include tiered explanations: from simple default explanations to justify
decisions to all users, to very in-depth explanations for technical and/or curious
users. These can be aided by visualizations showing the students’ current position
in a competency framework and the thresholds for boundary changes. This ques-
tion could be investigated through comparative studies of different explanation
interfaces, measuring comprehension, trust, perceived fairness, and cognitive load
across designs [32]. Participatory design sessions with students and teachers could
further surface which information they actually find useful versus what generates
confusion or resistance.

RQ4 “How should we evaluate whether adaptive boundaries achieve their ped-
agogical goals?”: This final question aims to validate the outcomes of the other
research questions by testing multiple aspects of the new boundary system: im-
mediate learning outcomes (e.g., knowledge acquisition, skill development, task
performance), and long-term learning outcomes to see whether students develop
capabilities that persist when the GenAl support is reduced, removed, or when
the knowledge has to be applied to new contexts [20,33]. Furthermore, the eval-
uation should assess whether students appropriately rely on GenAl and know
when to rely on their own capabilities, thereby avoiding over-reliance or under-
utilization [15]. Finally, the evaluation should look at affective and motivational
outcomes, especially student agency and self-regulated engagement, which can
be influenced by Al assistance [16]. All of these factors should be evaluated not
only against no-GenAlI conditions, which may be unrealistic given the widespread



adoption by students, but also conditions with static boundaries, as that is the
system that most institutions seem to be adopting [8], and self-regulated ap-
proaches that impose no restrictions on the students. Such evaluations should
also find a balance between short- and long-term studies. Short-term studies may
show performance improvements, but mask long-term skill degradation, while
long-term studies could be influenced by evolving GenAl capabilities or other ex-
ternal factors. Because of this, the RQ calls for mixed evaluation methods. Some
examples include: randomized trials comparing adaptive boundaries against al-
ternative policies within short assignments, longitudinal studies tracking students
across multiple courses or academic years, measuring retention and transfer, and
design-based research with iterative refinement based on evidence from classroom
use. In these evaluations, metrics should not just be test scores, but also process
measures (how students interact with GenAI), metacognitive assessments (stu-
dents’ awareness of their own learning strategies), and equity analyses examin-
ing whether adaptive boundaries benefit all students or inadvertently advantage
specific students.

5. Conclusion

This paper proposes a reconceptualization of GenAl governance in education:
rather than treating access as a binary policy decision applied uniformly across
all students, we propose adaptive boundaries that evolve with student compe-
tency development. Drawing on proven pedagogical theories and emerging tech-
nical capabilities, we demonstrate that the foundations for such systems already
exist. What is missing is not technological capability but conceptual integration:
although teacher-facing monitoring and pedagogical configuration of GenAl are
emerging, few approaches treat GenAl access as a scaffolded, learner-specific vari-
able that deliberately evolves with context and evidence of competency. Our four
research questions provide a path toward realizing this vision, addressing how
boundaries should be negotiated among stakeholders, how competency signals
can reliably trigger boundary shifts, how transparency can be achieved without
cognitive overload, and how outcomes should be evaluated. By answering these
questions, adaptive boundaries offer the potential to transform GenAl from a pol-
icy concern into a human-centered pedagogical instrument that co-evolves with
the student by knowing when to help, when to challenge, and when to step back.

Acknowledgments

This work was supported by the Special Research Fund (BOF) of Hasselt Uni-
versity (BOF240WB28 & R-15015).

Author Contributions

J.T. and Y.D. conceived the adaptive boundaries concept. J.T. led the manuscript
preparation. All authors contributed to conceptual refinement, writing, review,
and approved the final manuscript.



References

[1]

2]

3]

[4]

[6]

[7]

[9]

(10]

(11]

(12]

(13]

(14]

Kasneci E, Sessler K, Kiichemann S, Bannert M, Dementieva D, Fischer F, et al.
ChatGPT for good? On opportunities and challenges of large language models for ed-
ucation. Learning and Individual Differences. 2023 Apr;103:102274. Available from:
https://wuw.sciencedirect.com/science/article/pii/S1041608023000195.

Zhai C, Wibowo S, Li LD. The effects of over-reliance on Al dialogue systems on students’
cognitive abilities: a systematic review. Smart Learning Environments. 2024 Jun;11(1):28.
Available from: https://doi.org/10.1186/s40561-024-00316-7.

AnY, Yu JH, James S. Investigating the higher education institutions’ guidelines and poli-
cies regarding the use of generative Al in teaching, learning, research, and administration.
International Journal of Educational Technology in Higher Education. 2025 Feb;22(1):10.
Available from: https://doi.org/10.1186/s41239-025-00507-3.

Ghimire A, Edwards J. From Guidelines to Governance: A Study of AI Policies in Edu-
cation. In: Olney AM, Chounta IA, Liu Z, Santos OC, Bittencourt II, editors. Artificial
Intelligence in Education. Posters and Late Breaking Results, Workshops and Tutorials,
Industry and Innovation Tracks, Practitioners, Doctoral Consortium and Blue Sky. Cham:
Springer Nature Switzerland; 2024. p. 299-307.

Ortega-Arranz A, Topali P, Molenaar I. Configuring and Monitoring Students’ Interactions
with Generative AI Tools: Supporting Teacher Autonomy. In: Proceedings of the 15th
International Learning Analytics and Knowledge Conference. LAK ’25. New York, NY,
USA: Association for Computing Machinery; 2025. p. 895-902. Available from: https:
//dl.acm.org/doi/10.1145/3706468.3706533.

Etkin HK, Etkin KJ, Carter RJ, Rolle CE. Differential effects of GPT-based tools
on comprehension of standardized passages. Frontiers in Education. 2025 Mar;10.
Available from: https://www.frontiersin.org/journals/education/articles/10.3389/
feduc.2025.1506752/full.

Chan CKY. A comprehensive Al policy education framework for university teaching and
learning. International Journal of Educational Technology in Higher Education. 2023
Jul;20(1):38. Available from: https://doi.org/10.1186/s41239-023-00408-3.

Luo (Jess) J. A critical review of GenAl policies in higher education assessment: a call
to reconsider the “originality” of students’ work. Assessment & Evaluation in Higher Ed-
ucation. 2024 Jul;49(5):651-64. _eprint: https://doi.org/10.1080,/02602938.2024.2309963.
Available from: https://doi.org/10.1080/02602938.2024.2309963.

Wood D, Bruner JS, Ross G. The Role of Tutoring in Problem Solv-
ing. Journal of Child Psychology and Psychiatry. 1976;17(2):89-100. _eprint:
https://acamh.onlinelibrary.wiley.com/doi/pdf/10.1111/;.1469-7610.1976.tb00381.x.
Available from: https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1469-7610.
1976.tb00381.x.

Wertsch JV. From Social Interaction to Higher Psychological Processes A Clarification
and Application of Vygotsky’s Theory. Human Development. 1979;22(1):1-22. Available
from: https://karger.com/article/doi/10.1159/000272425.

UNESCO. Guidance for generative Al in education and research. UNESCO; 2023. Avail-
able from: https://unesdoc.unesco.org/ark:/48223/pf000038669371ocale=en.

Flor M, Andrews-Todd J. Towards automatic annotation of collaborative problem-solving
skills in technology-enhanced environments. Journal of Computer Assisted Learning.
2022;38(5):1434-47. _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1111/jcal.12689.
Available from: https://onlinelibrary.wiley.com/doi/abs/10.1111/jcal.12689.

Thys J, Vanbrabant S, Vanacken D, Ruiz GR. INSIGHT: Bridging the Student-Teacher
Gap in Times of Large Language Models. Proceedings of the D-SAIL Workshop - Transfor-
mative Curriculum Design: Digitalisation, Sustainability, and Al Literacy for 21st Century
Learning. 2025 Jul:32-40. Available from: https://ceur-ws.org/Vol-4051/paper4.pdf.
Baker R, Xu D, Park J, Yu R, Li Q, Cung B, et al. The benefits and caveats of using
clickstream data to understand student self-regulatory behaviors: opening the black box of
learning processes. International Journal of Educational Technology in Higher Education.
2020 Apr;17(1):13. Available from: https://doi.org/10.1186/s41239-020-00187-1.


https://www.sciencedirect.com/science/article/pii/S1041608023000195
https://doi.org/10.1186/s40561-024-00316-7
https://doi.org/10.1186/s41239-025-00507-3
https://dl.acm.org/doi/10.1145/3706468.3706533
https://dl.acm.org/doi/10.1145/3706468.3706533
https://www.frontiersin.org/journals/education/articles/10.3389/feduc.2025.1506752/full
https://www.frontiersin.org/journals/education/articles/10.3389/feduc.2025.1506752/full
https://doi.org/10.1186/s41239-023-00408-3
https://doi.org/10.1080/02602938.2024.2309963
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1469-7610.1976.tb00381.x
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1469-7610.1976.tb00381.x
https://karger.com/article/doi/10.1159/000272425
https://unesdoc.unesco.org/ark:/48223/pf0000386693?locale=en
https://onlinelibrary.wiley.com/doi/abs/10.1111/jcal.12689
https://ceur-ws.org/Vol-4051/paper4.pdf
https://doi.org/10.1186/s41239-020-00187-1

(15]

(16]

(17)

(18]

(19]

20]

(21]

(22]

23]

24]

(25]

[26]

27]

(28]

29]

(30]

(31]

Pitts G, Rani N, Mildort W, Cook EM. Students’ Reliance on Al in Higher Education:
Identifying Contributing Factors. In: Stephanidis C, Antona M, Ntoa S, Margetis G,
Salvendy G, editors. HCI International 2025 — Late Breaking Papers. Cham: Springer
Nature Switzerland; 2026. p. 86-97.

Darvishi A, Khosravi H, Sadiq S, Gasevi¢ D, Siemens G. Impact of Al assistance on
student agency. Computers & Education. 2024 Mar;210:104967. Available from: https:
//www.sciencedirect.com/science/article/pii/S0360131523002440.

Dreyfus SE, Dreyfus HL. A five-stage model of the mental activities involved in directed
skill acquisition; 1980.

Bloom BS. Learning for mastery. Instruction and curriculum. Regional education labo-
ratory for the carolinas and virginia, topical papers and reprints, number 1. Evaluation
comment. 1968;1(2):n2.

Jin H, Yoo M, Han J, Chen Z, Ahn SY, Wang X. RelianceScope: An Analytical Framework
for Examining Students’ Reliance on Generative AI Chatbots in Problem Solving. arXiv;
2026. ArXiv:2602.16251 [cs]. Available from: http://arxiv.org/abs/2602.16251.
Barnett SM, Ceci SJ. When and where do we apply what we learn?: A taxonomy for far
transfer. Psychological bulletin. 2002;128(4):612.

VanLEHN K. The Relative Effectiveness of Human Tutoring, Intelligent Tutoring Systems,
and Other Tutoring Systems. Educational Psychologist. 2011 Oct;46(4):197-221. Available
from: http://www.tandfonline.com/doi/abs/10.1080/00461520.2011.611369.

Roll I, Aleven V, McLaren BM, Koedinger KR. Metacognitive Practice Makes Perfect: Im-
proving Students’ Self-Assessment Skills with an Intelligent Tutoring System. In: Biswas
G, Bull S, Kay J, Mitrovic A, editors. Artificial Intelligence in Education. Berlin, Heidel-
berg: Springer; 2011. p. 288-95.

Liu Y, Fan S, Xu S, Sajjanhar A, Yeom S, Wei Y. Predicting Student Performance Using
Clickstream Data and Machine Learning. Education Sciences. 2022 Dec;13(1). Available
from: https://www.mdpi.com/2227-7102/13/1/17.

Yirim OR, Tagkaya-Temizel T, Yildirim S. The use of video clickstream data to predict
university students’ test performance: A comprehensive educational data mining approach.
Education and Information Technologies. 2023 May;28(5):5209-40. Available from: https:
//doi.org/10.1007/s10639-022-11403-y.

Bannert M, Reimann P, Sonnenberg C. Process mining techniques for analysing patterns
and strategies in students’ self-regulated learning. Metacognition and Learning. 2014
Aug;9(2):161-85. Available from: https://doi.org/10.1007/s11409-013-9107-6.
Martens SE, Meeuwissen SNE, Dolmans DHJM, Bovill C, Koénings KD. Stu-
dent participation in the design of learning and teaching: Disentangling the ter-
minology and approaches. Medical Teacher. 2019 Oct;41(10):1203-5. _eprint:
https://doi.org/10.1080/0142159X.2019.1615610. Available from: https://doi.org/10.
1080/0142159X.2019.1615610.

Hooshyar D, Tammets K, Ley T, Aus K, Kollom K. Learning Analytics in Supporting
Student Agency: A Systematic Review. Sustainability. 2023 Sep;15(18). Available from:
https://www.mdpi.com/2071-1050/15/18/13662.

Chan T, Sebok-Syer S, Thoma B, Wise A, Sherbino J, Pusic M. Learn-
ing Analytics in Medical Education Assessment: The Past, the Present,
and the Future. AEM Education and Training. 2018;2(2):178-87. _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/aet2.10087. Available  from:
https://onlinelibrary.wiley.com/doi/abs/10.1002/aet2.10087.

Khosravi H, Shum SB, Chen G, Conati C, Tsai YS, Kay J, et al. Explainable Arti-
ficial Intelligence in education. Computers and Education: Artificial Intelligence. 2022
Jan;3:100074. Available from: https://www.sciencedirect.com/science/article/pii/
52666920X22000297.

Schwendimann BA, Rodriguez-Triana MJ, Vozniuk A, Prieto LP, Boroujeni MS, Holzer
A, et al. Perceiving Learning at a Glance: A Systematic Literature Review of Learning
Dashboard Research. IEEE Transactions on Learning Technologies. 2017 Jan;10(1):30-41.
Available from: https://ieeexplore.ieee.org/abstract/document/7542151.

Farrow R. The possibilities and limits of explicable artificial intelligence (XAI) in educa-


https://www.sciencedirect.com/science/article/pii/S0360131523002440
https://www.sciencedirect.com/science/article/pii/S0360131523002440
http://arxiv.org/abs/2602.16251
http://www.tandfonline.com/doi/abs/10.1080/00461520.2011.611369
https://www.mdpi.com/2227-7102/13/1/17
https://doi.org/10.1007/s10639-022-11403-y
https://doi.org/10.1007/s10639-022-11403-y
https://doi.org/10.1007/s11409-013-9107-6
https://doi.org/10.1080/0142159X.2019.1615610
https://doi.org/10.1080/0142159X.2019.1615610
https://www.mdpi.com/2071-1050/15/18/13662
https://onlinelibrary.wiley.com/doi/abs/10.1002/aet2.10087
https://www.sciencedirect.com/science/article/pii/S2666920X22000297
https://www.sciencedirect.com/science/article/pii/S2666920X22000297
https://ieeexplore.ieee.org/abstract/document/7542151

(32]

(33]

tion: a socio-technical perspective. Learning, Media and Technology. 2023 Apr;48(2):266-
79. _eprint: https://doi.org/10.1080/17439884.2023.2185630. Available from: https:
//doi.org/10.1080/17439884 .2023. 2185630.

Feldman-Maggor Y, Cukurova M, Kent C, Alexandron G. The Impact of Explainable Al on
Teachers’ Trust and Acceptance of Al EdTech Recommendations: The Power of Domain-
specific Explanations. International Journal of Artificial Intelligence in Education. 2025
Dec;35(5):2889-922. Available from: https://doi.org/10.1007/s40593-025-00486-6.
Perkins DN, Salomon G. Transfer of learning. International encyclopedia of education.
1992;2(2):6452-7.


https://doi.org/10.1080/17439884.2023.2185630
https://doi.org/10.1080/17439884.2023.2185630
https://doi.org/10.1007/s40593-025-00486-6

