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ARTICLE INFO ABSTRACT

Keywords: Adaptive support aims to tailor instruction to the needs of individual learners. Advances in technology have

Adaptivity accelerated research on how such adaptivity can be achieved. While prior work demonstrates that adaptive

?ro;essldata support can enhance learning outcomes, most adaptive support relies on domain-general learner variables such
‘echnology

as accuracy, response time, or behavioral engagement, treating learning processes largely as domain-general.
But, in addition to the importance of domain-general principles of learning, decades of research in cognitive
and educational psychology highlight that many learning processes are domain-specific, shaped by the con-
ceptual, procedural, and epistemic structures of a particular domain.

In this editorial, we argue that a domain-specific perspective on adaptivity is helpful for understanding when
and how adaptive support is effective. Using Plass and Pawar’s (2020) framework, we discuss the role of domain
specificity in three dimensions of adaptive learning environments: identifying learner variables to adapt for,
measuring these variables, and adapting meaningfully in response. Domain-specific variables such as learners'
misconceptions, their strategies, and their conceptual understanding require fine-grained assessment and theo-
retical models that link process data to learning mechanisms within a domain. Similarly, adapting instruction to
these processes demands instructional models that account for domain-specific learning trajectories.

The aim of this special issue was to collect empirical studies that use process data to study domain-specific
adaptive learning. It consists of nine contributions from various subject domains and one discussion paper.
Collectively, these contributions demonstrate both the promise and the complexity of grounding adaptivity in

Real-time assessment
Adaptive feedback

domain-specific learning processes and highlight important directions for future research.

1. Introduction

One of the central promises of recent digital and artificial intelli-
gence (Al)-supported learning technologies is their potential to be
adaptive—that is, to accommodate the individual needs of learners
emerging during the learning process (Plass & Pawar, 2020). Over the
past decades, with an increase of research on digital technology and the
advent of Al in education, research on adaptivity has made substantial
technological and theoretical progress (Sailer et al., 2023; Tan et al.,
2025). Yet we argue that an important gap remains: Adaptive support
during learning is rarely seen from a domain-specific perspective.
Addressing this gap is the focus of the present special issue with the title
Using Real-Time Process Data of Domain-Specific Learning Processes to
Provide Adaptive Support for Learning and Instruction. In this editorial, we

argue why we believe a domain-specific perspective on adaptivity is
needed and how the contributions in this issue advance this discussion.

1.1. What is adaptive support, and why do we need a domain-specific
perspective?

Education increasingly acknowledges the heterogeneity of lear-
ners—for example, their prior knowledge, affect and motivation, or
social background. Ideally, learning environments are therefore not a
one-size-fits-all but accommodate these individual differences. One way
to do so is by providing adaptive support (e.g., Aleven et al., 2016;
Cronbach & Snow, 1977). Various frameworks describe and structure
adaptivity in learning (e.g., Aleven et al., 2016; Bernacki et al., 2021;
Van Schoors et al., 2021; Vandewaetere & Clarebout, 2013). In this

* This article is part of a special issue entitled: “VSI: Adaptive support” published in Learning and Instruction.
* Corresponding author. University of Education Freiburg, Institute of Mathematics Education, Kunzenweg 21, 79117, Freiburg. Germany.

E-mail address: anselm.strohmaier@ph-freiburg.de (A. Strohmaier).

https://doi.org/10.1016/j.learninstruc.2026.102364
Received 9 March 2026; Accepted 22 March 2026
Available online 7 April 2026

0959-4752/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://orcid.org/0000-0001-8339-9587
https://orcid.org/0000-0001-8339-9587
mailto:anselm.strohmaier@ph-freiburg.de
www.sciencedirect.com/science/journal/09594752
https://www.elsevier.com/locate/learninstruc
https://doi.org/10.1016/j.learninstruc.2026.102364
https://doi.org/10.1016/j.learninstruc.2026.102364
http://crossmark.crossref.org/dialog/?doi=10.1016/j.learninstruc.2026.102364&domain=pdf
http://creativecommons.org/licenses/by/4.0/

A. Strohmaier et al.

special issue we chose to follow the conceptualization proposed by Plass
and Pawar (2020) since its three dimensions of adaptive support (see
Section 1.2) are also apparent in most other frameworks and offer a good
structure for discussing domain-specificity. Plass and Pawar (2020)
understand adaptivity as “the ability of a learning system to diagnose a
range of learner variables, and to accommodate a learner's specific needs
by making appropriate adjustments to the learner's experience with the
goal of enhancing learning outcomes” (p. 276). Accordingly, we refer to
such learning systems as adaptive learning environments and to the ad-
justments as adaptive support. Recent reviews and meta-analyses confirm
that adaptive support can substantially foster learning (e.g., Belland
etal., 2017; Chernikova et al., 2025; Major et al., 2021; Major & Francis,
2020; Van Schoors et al., 2021; Zheng et al., 2022).

Many adaptive learning environments are based on principles that
apply to learning largely irrespective of the content that is learned
(Nakic et al., 2015). Since many of these domain-general principles and
processes of learning are transferable across domains, the same adap-
tations might produce comparable enhancements of the learning pro-
cess, irrespective of the content. However, decades of research in
cognitive and educational psychology have shown that many learning
processes are also domain-specific: the representations, misconceptions,
learning trajectories, and reasoning patterns that shape learning often
differ substantially between mathematics, language, science, and other
subjects (e.g., Schneider & Stern, 2010). Thus, treating learning pro-
cesses and adaptive support purely as domain-general will possibly miss
out on valuable opportunities to understand and support learning.
Meaningful adaptive support should therefore align domain-general
principles of learning with a comprehensive understanding of the spe-
cific domain that captures the conceptual and procedural structure of
the content (Pelanek, 2025). This requires adaptive support that in-
tegrates knowledge about domain-specific learning mechanisms and
interpret learner data considering them.

We argue that such a domain-specific perspective on adaptivity is
important—a perspective that considers what learner variables are
worth adapting for, how these variables can be meaningfully assessed,
and how the learning environment can adapt in ways that are sensitive
to domain-specific learning processes. In the following, we further
illustrate this argument using Plass and Pawar's (2020) framework.

1.2. What makes adaptive support domain-specific?

Plass and Pawar (2020) conceptualize adaptive support through
three dimensions:

(1) Which learner variables should the learning environment adapt
for?

(2) How can these variables be reliably measured? and

(3) What kind of adaptations can be made during the learning
process?

Each of these questions can be considered from a domain-general
and a domain-specific perspective. A domain-specific perspective on
adaptivity implies that the learner variables, the methods of diagnosing
them, and the instructional responses are aligned with the specific
characteristics of the domain. The following sections elaborate on each
of these three dimensions, and the promises and challenges of a domain-
specific perspective in each of them.

1.2.1. Domain-specific variables to adapt for

The first of Plass and Pawar's (2020) dimensions—what learner
variables should a learning environment adapt for?—describes the need
for and challenge of specifying which characteristics of the learner or the
learning process are relevant to provide optimal adaptive support.

Many domain-general adaptive learning environments use variables
such as learners' accuracy, response time, engagement, or effort to steer
adaptive support (Nakic et al., 2015). This approach follows general
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principles of learning, for example, the idea that instruction should be
attuned to the learner's current performance level (e.g., Hardy et al.,
2019; Vygotsky, 1978).

However, domain-specific learning includes specific concepts, stra-
tegies, or misconceptions that are unique to a domain and that support a
comprehensive understanding of the learners’ current capabilities.
Considering and adapting to performance as a one-dimensional
construct will possibly not address the core of these learning processes.

For example, in mathematics, learners may erroneously apply whole-
number reasoning to fractions, and they may do so in different ways.
When asked which of two fractions is larger, some children apply a
larger-numerator-larger-fraction strategy, while others apply a larger-
denominator-larger-fraction strategy (D'Erchie et al., 2025;
Gonzalez-Forte et al., 2023). Importantly, across a set of fraction com-
parison items, both types of reasoning can result in similar overall ac-
curacy but are based on fundamentally different misconceptions. Thus,
using accuracy as a measure would assign both groups of learners to the
same performance group, while their way of reasoning and, therefore,
their needs, are very different.

Thus, considering domain-specific variables to adapt for, possibly in
concert with domain-general variables, promises better knowledge
about the needs and the potential for adaptivity of individual learners
than domain-general variables alone.

1.2.2. How can domain-specific variables be assessed?

The second dimension discussed by Plass and Pawar (2020) is how
the learner variables for which the learning environment should adapt
can be assessed. Ideally, this happens in real time during the learning
process, so that the learning environment can adapt immediately.
Generic variables such as behavioral engagement, time on task, or ac-
curacy can often be measured relatively unobtrusively through logfile
data or short self-reports. In contrast, assessing domain-specific varia-
bles—such as conceptual understanding, reasoning strategies, or mis-
conceptions—often requires fine-grained information about the content
of learning and its underlying cognitive mechanisms and their inter-
pretation about the domain-specific theories of learning. This makes
assessing domain-specific variables in real time particularly challenging.

Plass and Pawar (2020) note that while collecting more extensive
and detailed real-time data is desirable for adaptivity, collecting valid
data without disrupting the learning process is difficult. Particularly for
domain-specific variables, this challenge is not only technical but
theoretical: Assessing conceptual understanding meaningfully, for
example through solving a diagnostic problem, will almost inevitably
lead to training effects and learning. However, while this might pose
problems for controlled research designs, it is less of an issue in
real-world educational settings, where the goal is to support learning
anyway. In these contexts, assessing domain-specific variables could go
together with learning itself without disruption.

Advances in learning analytics and educational technology offer new
ways to capture real-time learning processes—such as logfile traces, eye
tracking, and physiological or multimodal data (Ninaus & Nebel, 2021),
but these data are often difficult to interpret, particularity from a
domain-specific perspective (Gasevic et al., 2015). Their interpretation
depends on theoretical frameworks that link observable behavior to
cognitive and metacognitive mechanisms within a domain (Dawson
et al., 2015). One example where such data has been linked quite suc-
cessfully to domain-specific processes of learning is the use of eye
tracking in mathematics education (Strohmaier et al., 2020). For many
other assessment methods and domains, theoretical frameworks of their
interpretation are still limited. Developing and validating such frame-
works represents a key step toward domain-specific adaptivity. The
more precisely data can be mapped onto meaningful learning constructs
within a domain, the more effectively adaptive systems can diagnose the
learner's needs and, in the next step, provide adaptive support. Thus, the
more information about domain-specific learning this data contains and
the better this is integrated with our knowledge of its meaning in
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domain-specific learning processes, the more effective the adaptive
support can be for learning outcomes.

1.2.3. How should the learning environment be adapted?

Finally, the last of Plass and Pawar's (2020) dimensions refers to how
the learning environment should adapt in response to the assessed
learner variables. Again, a domain-specific perspective on this dimen-
sion is particularly promising but also holds its own challenges.
Domain-general forms of adaptivity—such as adjusting one-dimensional
task difficulty, pacing, or the amount of support—follow relatively
simple rules that can be applied across domains, for example, matching
student's estimated performance level with the task difficulty to a zone
of proximal development (Vygotsky, 1978). In contrast, adapting to
domain-specific processes often requires multi-dimensional and quali-
tative changes to instruction.

For example, feedback that is appropriate for one type of specific
conceptual error may be ineffective or even misleading for another. In
complex domains, learners can follow multiple valid but distinct
learning trajectories, and the system must be able to respond to these
variations. Designing adaptive mechanisms therefore requires rich
domain models that describe how learning within a domain unfolds,
what typical errors or reasoning patterns can be expected, and which
types of instructional interventions are most productive at a given point
in the process. When adaptivity operates at this level—linking real-time
diagnosis with principled instructional design—adaptive systems can
provide meaningful, individualized domain-specific adaptive support
rather than surface-level adjustments. Without deeper modelling of
domain knowledge and learner processes, adaptivity risks remaining
superficial and unable to address the qualitative nature of domain-
specific learning. Developing systems that can adapt to domain-
specific learner characteristics requires rich models of domain knowl-
edge and the cognitive processes that support its acquisition.

2. The contributions to this special issue

For this special issue, we invited empirical studies that addressed the
guiding questions outlined above. In total, nine studies are included,
complemented by a discussion paper (Acevedo, 2026). As could be ex-
pected, not all nine studies addressed all three dimensions discussed
above in full depth, but taken together, they provide a comprehensive
landscape of the challenges and potential of domain-specific adaptive
support.

Two studies relied on a generic adaptive trigger: accuracy as rates of
correct and incorrect answers. Nevertheless, both situated performance
within domain-specific contexts, either by providing domain-specific
adaptive feedback (Oppmann et al, 2025) or by examining
domain-specific learner characteristics that moderate the effect of
adaptivity (Hilz et al., 2025).

Oppmann et al. (2025) used logfile data from a digital learning
environment to determine students’ accuracy on different
fraction-equivalence tasks. Based on this process data, the system pro-
vided task-specific adaptive feedback (e.g., highlighting how to
correctly transform fraction representations) and adapted task difficulty
by advancing or slowing task progression. Beyond examining the effect
of adaptivity, Oppmann et al. (2025) clustered students based on their
cognitive, behavioral, motivational, and emotional engagement during
the task. These engagement profiles predicted who benefited most from
the adaptive support, demonstrating that even when adaptivity is based
on performance, domain-specific engagement characteristics shape the
effectiveness of adaptive support.

Hilz et al. (2025) examined how different learners engage with an
existing adaptive learning environment for arithmetic, where difficulty
was automatically adjusted based on performance. The study did not
develop a new adaptive mechanism but used process data to explain for
whom such systems are effective. Using logfile traces of practice
behavior, Hilz et al. (2025) showed that students with higher
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mathematics test anxiety tended to end practice sessions earlier, which
mediated lower learning gains. Thus, even when adaptation itself is
generic (difficulty adjustment), domain-specific learner character-
istics—here, mathematics anxiety—shape whether adaptive systems can
unfold their intended benefits.

Two studies used more fine-grained performance data, allowing for a
detailed basis for adaptivity even with fewer tasks (Huang et al., 2025;
Obergassel et al., 2025).

Huang et al. (2025) used a virtual classroom environment to foster
pre-service teachers’ visual attention and noticing. Performance was
operationalized as noticing behavior captured via eye tracking (which
events were visually attended) and self-reports (which events were
noticed). Based on this diagnosis, learners received adaptive feedback
including a personalized description of their noticing pattern and rec-
ommendations for improvement. Here, adaptive feedback was more
effective than generic feedback. While the intervention targeted a pro-
fessional skill rather than a content domain, it still relied on
domain-specific performance indicators derived from classroom practice
and frameworks of noticing.

Obergassel et al. (2025) compared two approaches to adaptivity in
an open-ended social psychology quiz: adaptation based on generic
self-reported cognitive load versus adaptation based on domain-specific
self-assessed performance (criterion-based confidence ratings after each
item). In both conditions, adaptation meant adjusting the difficulty of
subsequent tasks. This is the only study in the issue that directly con-
trasted adaptivity based on a generic versus a domain-specific learner
variable. Only the cognitive-load-based adaptation led to higher
learning gains compared to a non-adaptive control condition, suggesting
that domain-general indicators may be more informative than
domain-specific self-evaluations in guiding adaptivity in this context.

In addition to performance, two studies used domain-specific aspects
of participants’ task solutions as a basis for adaptive support (Demedts
et al., 2024; Nickl et al., 2024).

Demedts et al. (2024) used logfile data to assess not only accuracy
but also conceptual error patterns in number line fraction tasks—for
example, treating the numerator and denominator as independent
whole numbers or difficulties in grasping the meaning of a unit. Each
incorrect placement was automatically matched to a known miscon-
ception category, and the system generated explanatory adaptive feed-
back tailored to that specific misconception (e.g., prompting learners to
reason about proportionality instead of whole-number logic). Whereas
this domain-specific adaptation did not lead to differences in cognitive
outcomes, the study revealed that domain-specific feedback can be
beneficial in terms of reducing mathematics anxiety and supporting
students’ mathematics motivation, showing that domain-specific feed-
back can improve learning without negative motivational effects.

Nickl et al. (2024) investigated how pre-service teachers diagnosed
students’ mathematical proof solutions in a video-based simulation
while taking notes. These notes were automatically analyzed and coded
for three domain-specific indicators of proof skills. Based on which in-
dicators were present or missing, the system offered adaptive scaffolding
in real time, directing attention to overlooked proof elements and
prompting higher-quality reasoning. Adaptive scaffolding led to more
elaborate diagnostic reasoning than non-adaptive support, demon-
strating how domain-specific process data can drive meaningful
adaptivity.

Finally, three studies did not implement adaptive learning environ-
ments but investigated which variables and mechanisms are promising
for future domain-specific adaptive support (Brand et al., 2025; Horvers
et al., 2025; Schons et al., 2024).

Brand et al. (2025) examined learning processes in productive failure
and vicarious failure in statistics to identify which learner characteristics
and process patterns could serve as meaningful input for future
domain-specific adaptivity. Using logfile traces, think-aloud data, and
self-reports, the study captured how learners with different individual
prerequisites engaged with tasks and how these process profiles related
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to domain-specific perceived competence and prior knowledge. The
findings provide a foundation for future adaptivity by outlining who
benefits and how individual learning processes differ within a
domain-specific context.

Horvers et al. (2025) explored how emotional responses unfold
within an adaptive practice environment. While the system adapted task
difficulty based on performance, the study additionally captured
real-time emotion data, including facial-expression coding and electro-
dermal activity, to assess how students reacted to feedback. Although
emotions were not yet used to trigger adaptivity, the study demonstrated
the feasibility and added value of incorporating domain-specific
emotional process data and highlighted how affective signals could
enrich adaptive decisions beyond performance alone.

Schons et al. (2024) examined the diagnostic activities of pre-service
teachers. By analyzing logfile data, they identified different modes of
cognitive engagement during diagnostic reasoning. These modes pre-
dicted assessment accuracy and therefore represent a promising proxy of
learning processes that future adaptive systems could build on. Through
this detailed analysis, Schons et al. (2024) lay the groundwork for using
domain-specific logfile data for meaningful adaptive support.

Finally, in his discussion, Acevedo (2026) provides a conceptual
anchor for the special issue and situates the other contributions in this
framework. Acevedo (2026) highlights how domains differ in epistemic
structures, knowledge representations, typical misconceptions, and
learning trajectories. Building on the contributions in this issue, Acevedo
offers a critical analysis of conceptual, methodological, analytical, and
instructional challenges in using real-time process data for adaptive
support, emphasizing the need for theoretically interpretable indicators,
careful decisions about granularity and timing, and adaptive in-
terventions that align with domain-specific goals. The discussion con-
cludes with priorities for future research, including stronger
construct-to-data mappings, rigorous validation of multimodal in-
dicators, transparent and ethical implementations, and closer collabo-
ration between domain experts, learning scientists, and data scientists to
design adaptive systems that are both technically sophisticated and
instructionally meaningful.

3. Conclusions and next steps

Taken together, the contributions in this special issue demonstrate
how domain specificity matters for all three dimensions of adaptivity
described by Plass and Pawar (2020): what learner variables systems
adapt for, how these variables are assessed, and how learning environ-
ments respond. Across domains as diverse as mathematics, social psy-
chology, and classroom perception, the studies illustrate both the
potential and the complexity of grounding adaptivity in domain-specific
learning processes.

Three overarching conclusions emerge. First, while adaptivity was
often implemented through domain-general indicators such as learners'
accuracy or behavioral engagement, meaningful adaptive support can
be provided by connecting these measures to domain-specific learning
mechanisms. When robust domain-specific theories are available,
generic indicators can still point towards a domain-specific variable to
adapt for, but learners’ misconceptions, reasoning strategies, and af-
fective responses might take on different meanings and require different
actions depending on the domain. Thus, it is possible to provide domain-
specific adaptive support even if only the third dimension by Plass and
Pawar (2020) is considered domain-specifically and generic variables
are interpreted with a domain-specific lens.

Second, measuring domain-specific learner variables in real time
remains challenging—not only in terms of the measurements’ reliability
but also in terms of interpretability within domain-specific theories.
Although advances in learning analytics and multimodal data collection
provide increasingly rich process data, their educational value depends
on the availability of domain-specific theories that specify how these
data reflect learning. Without this interpretive bridge, more data do not

Learning and Instruction 104 (2026) 102364

necessarily yield better adaptation.

Third, adapting instruction to domain-specific learning processes is
inherently complex. Even within content areas, learners may follow
multiple valid trajectories, and effective support must account for in-
teractions among cognitive, motivational, and metacognitive processes.
Achieving this requires not just sophisticated algorithms but also models
of instruction that describe how learning unfolds in that domain. Such
models are, however, often not yet available and need to be established
through preparatory fundamental and theoretical research. Many
studies in this special issue did not yet put adaptive support into reality
or did it in a somewhat preliminary way.

The contributions in this issue show progress toward each of these
challenges but also underline that domain-specific adaptivity is still in
its early stages. While research has gathered a good understanding of the
potential of adaptivity, it is now time to transfer this knowledge into
domain-specific theories and learning environments. Moreover, recent
advances in Al offer new opportunities: technologically advanced
models can process multimodal data, identify patterns in learner
behavior, and generate personalized feedback in real time and in
human-like interaction (Sailer et al., 2023; Tan et al., 2025). However,
these developments do not automatically resolve the challenge of
domain specificity. General-purpose Al systems are not inherently
aligned with the conceptual and pedagogical structures of specific do-
mains and individual differences between learners in these domains (e.
g., Strohmaier et al., 2025). Harnessing their potential for education
therefore requires coupling them with domain-specific models of
learning and instruction and maintaining alignment with educational
goals and values.

In this sense, the studies presented here not only advance our un-
derstanding of how domain-specific adaptivity can be realized today but
also provide conceptual groundwork for designing the adaptive learning
systems of the future—systems that are theoretically grounded, data-
informed, and meaningfully responsive to the processes that charac-
terize learning within specific domains. But for this, we need a domain-
specific perspective on adaptivity.

CRediT authorship contribution statement

Anselm Strohmaier: Conceptualization, Writing — original draft,
Writing — review & editing. Fien Depaepe: Conceptualization, Writing —
original draft, Writing — review & editing. Michael Nickl: Conceptual-
ization, Writing — original draft, Writing — review & editing. Andreas
Obersteiner: Conceptualization, Writing — original draft, Writing — re-
view & editing.

Data availability
No data was used for the research described in the article.

References

Acevedo, R. (2026). Using real-time process data of domain-specific learning processes to
provide adaptive support for learning and instruction: Challenges and opportunities.
Learning and Instruction, XX.

Aleven, V., McLaughlin, E. A., Glenn, R. A., & Koedinger, K. R. (2016). Instruction based
on adaptive learning technologies. Handbook of Research on Learning and Instruction,
2, 522-560.

Belland, B. R., Walker, A. E., Kim, N. J., & Lefler, M. (2017). Synthesizing results from
empirical research on computer-based scaffolding in STEM education: A meta-
analysis. Review of Educational Research, 87(2), 309-344. https://doi.org/10.3102/
0034654316670999

Bernacki, M. L., Greene, M. J., & Lobczowski, N. G. (2021). A systematic review of
research on personalized learning: Personalized by whom, to what, how, and for
what purpose (s)? Educational Psychology Review, 33(4), 1675-1715. https://doi.org/
10.1007/s10648-021-09615-8

Brand, C., Hartmann, C., Loibl, K., & Rummel, N. (2025). Investigating learner
characteristics and processes in productive failure and vicarious failure to design
adaptive guidance. Learning and Instruction, 95, Article 102052. https://doi.org/
10.1016/j.learninstruc.2024.102052


http://refhub.elsevier.com/S0959-4752(26)00049-6/sref1
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref1
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref1
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref2
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref2
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref2
https://doi.org/10.3102/0034654316670999
https://doi.org/10.3102/0034654316670999
https://doi.org/10.1007/s10648-021-09615-8
https://doi.org/10.1007/s10648-021-09615-8
https://doi.org/10.1016/j.learninstruc.2024.102052
https://doi.org/10.1016/j.learninstruc.2024.102052

A. Strohmaier et al.

Chernikova, O., Sommerhoff, D., Stadler, M., Holzberger, D., Nickl, M., Seidel, T.,
Kasneci, E., Kiichemann, S., Kuhn, J., & Fischer, F. (2025). Personalization through
adaptivity or adaptability? A meta-analysis on simulation-based learning in higher
education. Educational Research Review, 46, Article 100662. https://doi.org/
10.1016/j.edurev.2024.100662

Cronbach, L. J., & Snow, R. E. (1977). Aptitudes and instructional methods: A handbook for
research on interactions.

Dawson, S., Mirriahi, N., & Gasevic, D. (2015). Importance of theory in learning analytics
in formal and workplace settings. Journal of Learning Analytics, 2(2), 1-4. https://
doi.org/10.18608/jla.2015.22.1

Demedts, F., Kiili, K., Ninaus, M., Lindstedt, A., Reynvoet, B., Sasanguie, D., &
Depaepe, F. (2024). The effectiveness of explanatory adaptive feedback within a
digital educational game to enhance fraction understanding. Learning and Instruction,
94, Article 101976. https://doi.org/10.1016/j.learninstruc.2024.101976

D'Erchie, M., Rosenkranz, J., Schwarzmeier, S., Dresler, T., & Obersteiner, A. (2025).
Magnitude-based reasoning can reduce the natural number bias when comparing
fractions: An intervention study. Learning and Instruction, 98(10210), 9. https://doi.
org/10.1016/j.learninstruc.2025.102109

Gasevi¢, D., Dawson, S., & Siemens, G. (2015). Let's not forget: Learning analytics are
about learning. TechTrends, 59, 64-71. https://doi.org/10.1007/s11528-014-0822-x

Gonzélez-Forte, J. M., Fernandez, C., Van Hoof, J., & Van Dooren, W. (2023). Incorrect
ways of thinking about the size of fractions. International Journal of Science and
Mathematics Education, 21(7), 2005-2025. https://doi.org/10.1007/510763-022-
10338-7

Hardy, 1., Decristan, J., & Klieme, E. (2019). Adaptive teaching in research on learning
and instruction. Journal for Educational Research Online, 11(2), 169-191. https://doi.
org/10.25656,/01:18004

Hilz, A., Hofman, A., Jansen, B., & Aldrup, K. (2025). Tracing students' practice behavior
in an adaptive math learning program: Does it mediate the math
anxiety—performance link? Learning and Instruction, 98, Article 102113. https://doi.
org/10.1016/j.learninstruc.2025.102113

Horvers, A., Molenaar, 1., Bosse, T., & Lazonder, A. W. (2025). Emotional responses to
feedback in adaptive learning technologies for early mathematics education.
Learning and Instruction, 99, Article 102192. https://doi.org/10.1016/j.
learninstruc.2025.102192

Huang, Y., Hansen, M., Richter, E., Kleickmann, T., Scheiter, K., & Richter, D. (2025).
Enhancing preservice teachers' noticing via adaptive feedback in a virtual reality
classroom. Learning and Instruction, 95, Article 102053. https://doi.org/10.1016/j.
learninstruc.2024.102053

Major, L., & Francis, G. A. (2020). Technology-supported personalised learning: a Rapid
Evidence Review [Rapid Evidence Review], 1 https://docs.edtechhub.org/lib
/A2II5ZV7.

Major, L., Francis, G. A., & Tsapali, M. (2021). The effectiveness of technology-supported
personalised learning in low- and middle-income countries: A meta-analysis [://doi.
org/10.1111/bjet.13116] British Journal of Educational Technology, 52(5),
1935-1964. https://doi.org/10.1111/bjet.13116.

Nakic, J., Granic, A., & Glavinic, V. (2015). Anatomy of student models in adaptive
learning systems: A systematic literature review of individual differences from 2001
to 2013. Journal of Educational Computing Research, 51(4), 459-489. https://doi.org/
10.2190/EC.51.4.e

Nickl, M., Sommerhoff, D., Radkowitsch, A., Huber, S. A., Bauer, E., Ufer, S., Plass, J. L.,
& Seidel, T. (2024). Effects of real-time adaptivity of scaffolding: Supporting pre-

Learning and Instruction 104 (2026) 102364

service mathematics teachers' assessment skills in simulations. Learning and
Instruction, 94, Article 101994. https://doi.org/10.1016/j.learninstruc.2024.101994

Ninaus, M., & Nebel, S. (2021). A systematic literature review of analytics for adaptivity
within educational video games. Frontiers in Education, 5, Article 611072. https://
doi.org/10.3389/feduc.2020.611072

Obergassel, N., Heitmann, S., Grund, A., Fries, S., Berthold, K., & Roelle, J. (2025).
Adaptation of quizzing in learning psychology concepts. Learning and Instruction, 95,
Article 102028. https://doi.org/10.1016/j.learninstruc.2024.102028

Oppmann, M.-M., Beege, M., & Reinhold, F. (2025). Stimulating individual learning of
the concept of fraction equivalence: How students utilize adaptive features in digital
learning environments mediates their effect. Learning and Instruction, 98, Article
102118. https://doi.org/10.1016/j.learninstruc.2025.102118

Pelanek, R. (2025). Adaptive learning is hard: Challenges, nuances, and trade-offs in
modeling. International Journal of Artificial Intelligence in Education, 35(1), 304-329.
https://doi.org/10.1007/s40593-024-00400-6

Plass, J. L., & Pawar, S. (2020). Toward a taxonomy of adaptivity for learning. Journal of
Research on Technology in Education, 52(3), 275-300. https://doi.org/10.1080/
15391523.2020.1719943

Sailer, M., Bauer, E., Hofmann, R., Kiesewetter, J., Glas, J., Gurevych, 1., & Fischer, F.
(2023). Adaptive feedback from artificial neural networks facilitates pre-service
teachers' diagnostic reasoning in simulation-based learning. Learning and Instruction,
83, Article 101620. https://doi.org/10.1016/j.learninstruc.2022.101620

Schneider, M., & Stern, E. (2010). The cognitive perspective on learning. Ten Cornerstone
Findings, 69-90. Organisation for Economic Co-Operation and Development (OECD)
(Ed.), The nature of learning: Using research to inspire practice. Paris: OECD.

Schons, C., Obersteiner, A., Fischer, F., & Reiss, K. (2024). Toward adaptive support of
pre-service teachers' assessment competencies: Log data in a digital simulation
reveal engagement modes. Learning and Instruction, 94, Article 101979. https://doi.
org/10.1016/j.learninstruc.2024.101979

Strohmaier, A. R., MacKay, K. J., Obersteiner, A., & Reiss, K. M. (2020). Eye tracking
methodology in mathematics education research: A systematic literature review.
Educational Studies in Mathematics, 104, 147-200. https://doi.org/10.1007/s10649-
020-09948-1

Strohmaier, A. R., Van Dooren, W., SeBler, K., Greer, B., & Verschaffel, L. (2025). Large
language models don't make sense of word problems. A scoping review from a
mathematics education perspective. arXiv preprint arXiv:2506.24006.

Tan, L. Y., Hu, S., Yeo, D. J., & Cheong, K. H. (2025). Artificial intelligence-enabled
adaptive learning platforms: A review. Computers and Education: Artificial Intelligence.
, Article 100429. https://doi.org/10.1016/j.caeai.2025.100429

Van Schoors, R., Elen, J., Raes, A., & Depaepe, F. (2021). An overview of 25 years of
research on digital personalised learning in primary and secondary education: A
systematic review of conceptual and methodological trends. British Journal of
Educational Technology, 52(5), 1798-1822. https://doi.org/10.1111/bjet.13148

Vandewaetere, M., & Clarebout, G. (2013). Advanced technologies for personalized
learning, instruction, and performance. In Handbook of research on educational
communications and technology (pp. 425-437). Springer.

Vygotsky, L. S. (1978). Mind in society: The development of higher psychological processes,
86. Harvard university press.

Zheng, L., Long, M., Zhong, L., & Gyasi, J. F. (2022). The effectiveness of technology-
facilitated personalized learning on learning achievements and learning perceptions:
A meta-analysis. Education and Information Technologies, 27(8), 11807-11830.
https://doi.org/10.1007/s10639-022-11092-7


https://doi.org/10.1016/j.edurev.2024.100662
https://doi.org/10.1016/j.edurev.2024.100662
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref7
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref7
https://doi.org/10.18608/jla.2015.22.1
https://doi.org/10.18608/jla.2015.22.1
https://doi.org/10.1016/j.learninstruc.2024.101976
https://doi.org/10.1016/j.learninstruc.2025.102109
https://doi.org/10.1016/j.learninstruc.2025.102109
https://doi.org/10.1007/s11528-014-0822-x
https://doi.org/10.1007/s10763-022-10338-7
https://doi.org/10.1007/s10763-022-10338-7
https://doi.org/10.25656/01:18004
https://doi.org/10.25656/01:18004
https://doi.org/10.1016/j.learninstruc.2025.102113
https://doi.org/10.1016/j.learninstruc.2025.102113
https://doi.org/10.1016/j.learninstruc.2025.102192
https://doi.org/10.1016/j.learninstruc.2025.102192
https://doi.org/10.1016/j.learninstruc.2024.102053
https://doi.org/10.1016/j.learninstruc.2024.102053
https://docs.edtechhub.org/lib/A2II5ZV7
https://docs.edtechhub.org/lib/A2II5ZV7
https://doi.org/10.1111/bjet.13116
https://doi.org/10.2190/EC.51.4.e
https://doi.org/10.2190/EC.51.4.e
https://doi.org/10.1016/j.learninstruc.2024.101994
https://doi.org/10.3389/feduc.2020.611072
https://doi.org/10.3389/feduc.2020.611072
https://doi.org/10.1016/j.learninstruc.2024.102028
https://doi.org/10.1016/j.learninstruc.2025.102118
https://doi.org/10.1007/s40593-024-00400-6
https://doi.org/10.1080/15391523.2020.1719943
https://doi.org/10.1080/15391523.2020.1719943
https://doi.org/10.1016/j.learninstruc.2022.101620
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref27
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref27
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref27
https://doi.org/10.1016/j.learninstruc.2024.101979
https://doi.org/10.1016/j.learninstruc.2024.101979
https://doi.org/10.1007/s10649-020-09948-1
https://doi.org/10.1007/s10649-020-09948-1
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref30
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref30
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref30
https://doi.org/10.1016/j.caeai.2025.100429
https://doi.org/10.1111/bjet.13148
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref33
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref33
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref33
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref34
http://refhub.elsevier.com/S0959-4752(26)00049-6/sref34
https://doi.org/10.1007/s10639-022-11092-7

	A domain-specific perspective on adaptivity
	1 Introduction
	1.1 What is adaptive support, and why do we need a domain-specific perspective?
	1.2 What makes adaptive support domain-specific?
	1.2.1 Domain-specific variables to adapt for
	1.2.2 How can domain-specific variables be assessed?
	1.2.3 How should the learning environment be adapted?


	2 The contributions to this special issue
	3 Conclusions and next steps
	CRediT authorship contribution statement
	Data availability
	References


