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ABSTRACT

Personalization is widely recognized as a path toward more
effective digital learning; however, its conceptual and method-
ological treatment varies across different research traditions.
This study systematically synthesizes a decade of work (2015
- 2025) in the Educational Data Mining (EDM) and Learn-
ing Analytics & Knowledge (LAK) communities employing
the PRISMA framework to clarify how personalization is
enacted and evaluated. We compile and screen 503 pa-
pers to isolate those that implement learner-level adapta-
tion, coding what is personalized, the indicators that drive
it, and how studies assess its impact. A mixed quantitative-
qualitative analysis compares the two communities, high-
lighting distinct emphases, recurring methodological chal-
lenges, and complementary strengths. The review provides
an integrated map of personalization research, identifies per-
sistent gaps in validity, adoption, and causal evidence, and
outlines opportunities for cross-fertilization between techni-
cally focused EDM models and human-centered LAK prac-
tices.
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1. INTRODUCTION

Personalization has long been one of the most compelling
promises of digitally mediated learning: the idea that learn-
ing material, feedback, and support can be adapted to meet
the needs of individual learners rather than delivered as one-
size-fits-all instruction. Over the past decade, this promise
has been intensively investigated by two closely related re-
search communities: Educational Data Mining (EDM) and
Learning Analytics and Knowledge (LAK). They share many
data sources and venues but often differ in theoretical com-
mitments, methodological preferences, and the artifacts they
produce [13]. As algorithmic techniques for sequential de-
cision making and representation learning matured, and as
institutions deployed analytics tools to support teachers and
students, the term “personalization” became diverse. Yet
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it is used to describe a wide variety of interventions, from
reinforcement-learning policies that select the “next best”
activity to dashboards that help instructors tailor feedback.
Without a careful, comparative map of how EDM and LAK
operationalize personalization, it is challenging to synthesize
evidence, identify gaps, or chart a coherent course of action.

The similarities and differences between LAK and EDM
have been extensively examined in the scholarly literature.
Both fields operate within the educational domain, lever-
aging data collection and analysis to improve learning pro-
cesses and student outcomes. They share a commitment to
data-driven approaches for understanding and enhancing ed-
ucation, frequently utilizing overlapping datasets and tasks
such as predicting student performance or identifying at-
risk learners [22]. Both LAK and EDM exploit large-scale
educational data, employ statistical and machine learning
techniques, and aim to transform raw data into actionable
insights for educators, students, and administrators. Core
methodologies such as classification, clustering, and predic-
tion are widely used in both areas, reflecting their shared
origins in the computational analysis of educational envi-
ronments [32].

Despite these commonalities, LAK and EDM differ in method-
ological orientation and epistemological emphasis. EDM has
traditionally focused on the development of novel computa-
tional techniques to interrogate educational data, often em-
phasizing model-driven approaches such as association rule
mining, clustering, and predictive modeling. In contrast,
LAK integrates a broader range of methods, including visu-
alization, social network analysis, and statistical modeling,
while maintaining a strong emphasis on the practical appli-
cation of analytics to enhance learning and teaching. LAK
scholarship frequently highlights the human and organiza-
tional dimensions of education. The two fields are therefore
proximate yet complementary: EDM has historically con-
centrated on model- and policy-centric questions - such as
how to represent latent knowledge, predict academic suc-
cess, or optimize instructional decisions under uncertainty -
whereas LAK has invested heavily in human-centered ana-
lytics, focusing on making data interpretable and actionable
for learners, teachers, and institutions through feedback,
visualization, and participatory design. Both perspectives
are indispensable for advancing credible personalization at
scale. Algorithmic policies lacking usability, transparency,
or alignment with pedagogical practice are unlikely to suc-
ceed in authentic educational contexts, while well-designed
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dashboards that lack empirically validated adaptive mecha-
nisms risk becoming well-intentioned but ineffective advice
systems. A comparative perspective thus illuminates areas
of conceptual convergence, points of productive methodolog-
ical divergence, and opportunities for cross-fertilization that
could accelerate progress in the field. Recent bibliometric
studies further indicate that LAK typically pursues research
with the explicit intent of improving learning actions and en-
vironments, whereas EDM is more strongly oriented toward
understanding learning behaviors through algorithmic anal-
ysis [32]. However, a focused comparison of how the two
communities conceptualize and operationalize personaliza-
tion remains absent.

2. FROM ADAPTATION TO PERSONALIZA-

TION

Personalization is widely invoked in digital learning, yet the
term is used inconsistently across research traditions and is
frequently conflated with adjacent concepts such as adapta-
tion and customization. Because this paper compares per-
sonalization work across EDM and LAK, we require a defi-
nition that is conceptually defensible, broad enough to cover
both communities’ artifacts, and precise enough to support
coherent interpretation of results.

Because our aim is to compare two communities whose per-
sonalization artifacts range from fully algorithmic decision
policies (e.g., sequencing and recommendation) to teacher-
and learner-facing tools (e.g., dashboards and feedback sys-
tems), we adopt a definition that is simultaneously inclu-
sive and boundary-setting. Specifically, we require a fram-
ing that (a) is broad enough to cover both automated and
human-in-the-loop instantiations of individualized support,
(b) excludes changes that are applied uniformly at the co-
hort or course level (i.e., adaptation without differentiation
between learners), (c) distinguishes system-driven person-
alization from user-initiated customization, and (d) is op-
erationalizable for transparent screening and coding. This
emphasis on codeability matters for a comparative review:
without explicit decision rules, the term “personalization”
risks collapsing into a rhetorical umbrella, making it difficult
to interpret patterns across venues or to attribute differences
to real methodological or conceptual divergence rather than
to definitional drift.

We begin with the general notion of adaptation. In dic-
tionary terms, adaptation denotes modifying an artefact,
process, or environment so that it suits a new purpose or
situation, and an adaptive system is one that can change in
response to varying conditions [86]. These definitions are
intentionally broad: adaptation can occur at multiple lev-
els (individual, subgroup, course, or institution) and can be
enacted by humans, algorithms, or both. In educational
contexts, this breadth is reflected in uses of “adaptation”
that range from optimizing the fit between learning require-
ments and course content [61] to broader forms of adjust-
ment such as shifting instructional delivery modes or trans-
ferring courses across settings [34]. Such interventions in-
volve change in response to context, but they are not neces-
sarily individualized.

Personalization is a narrower, person-centered form of adap-
tation. Building on the Oxford framing, we use personaliza-
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tion to refer to tailoring content, processes, or interfaces
to the needs of a particular individual [86]. The key dif-
ferentiator is the target of the adaptation: personalization
aims to differentiate the learning experience between learn-
ers rather than to adjust an experience uniformly for a co-
hort. This individualized focus is prominent across multiple
strands of the literature. Work on adaptive hypermedia and
web-based learning has long framed personalization as se-
lecting and presenting information based on learner models
[17, 18]. In online course settings, personalization is often
instantiated as individualized sequencing or learning-path
construction, where the system selects activities or resources
based on learner prerequisites or performance [90, 8]. In the
broader discourse of “personalized learning”, personalization
is frequently described as optimizing pace and approach to
the learner, encompassing learning objectives, instructional
strategies, and the sequencing of content [85, 8]. Related ac-
counts emphasize motivational and competency dimensions
[37] or characterize personalization along practical axes such
as goals, path, time, place, and pace [10]. Although these
formulations vary in granularity and pedagogical emphasis,
they converge on the principle that instructional decisions
should depend on learner-specific information rather than
being uniform for all learners.

A second distinction concerns locus of control. Whereas per-
sonalization and adaptation are commonly enacted system-
side (often implicitly through models or rules) customization
refers to changes initiated by users based on explicitly spec-
ified preferences [86, 93]. Customization can contribute to
individualized experiences, but it differs from personaliza-
tion in who specifies the change and how it is triggered. This
distinction is especially relevant for learning systems, where
personalization is frequently implemented without explicit
learner requests (e.g., through adaptive sequencing, recom-
mendations, or tailored feedback).

This paper uses personalization to denote individual-level,
person-centered adaptation of the learning experience, dis-
tinguished from broader adaptation by its learner-specific
target and from customization by its system-side locus of
control. This definition supports a consistent interpretation
of the diverse mechanisms labeled as personalization in EDM
and LAK, ranging from sequencing and recommendation to
dashboards and feedback systems, while avoiding conflation
with non-individualized course-level adjustments.

3. THIS REVIEW

This review provides a structured, side-by-side account of
personalization research in EDM and LAK from 2015 to
2025. Rather than treating “personalization” as a rhetorical
label, we treat it as an operational construct: an interven-
tion that adapts some aspect of the learning experience to
an individual learner (or to explicitly defined learner sub-
groups) using learner-specific information. The contribution
of the paper is therefore integrative rather than algorithmic:
it offers an auditable comparative map of how personaliza-
tion is instantiated across two influential communities, the
types of signals used to drive it, and the kinds of evidence
used to justify impact. We do not aim to produce a pooled
effect size of “whether personalization works”; instead, we
clarify what counts as personalization in this literature and
characterize where each community concentrates its efforts



and how strongly those efforts are tied to outcome-focused
evaluation.

Building from the operational definition, we distinguish (i)
what is personalized (e.g., task sequencing, recommenda-
tions, feedback, dashboards, assessment criteria), (ii) which
indicators are used to drive adaptation (behavioral traces,
knowledge-state estimates, text, demographics/context, af-
fect/motivation), and (iii) which techniques implement it
(reinforcement learning, BKT / IRT and related cognitive
models, recommender algorithms, supervised ML, deep learn-
ing, visual analytics, rules, and qualitative / UX / co-design).
Because personalization claims often risk conflating usage
with learning, we also attend to evaluation designs and ex-
plicitly differentiate studies that measure effects on learn-
ing outcomes from those that report only process, engage-
ment, or usability, treating process measures as outcomes
only when a study provides an explicit validity argument
that they are learning-proximal in context.

Two additional considerations motivate a careful synthesis
at this time. First, the proliferation of powerful model-
ing techniques, contextual bandits and deep reinforcement
learning, sequence-aware recommenders, and transformer-
based approaches for text and multimodal traces, has in-
creased the feasibility of fine-grained adaptation while rais-
ing the stakes around fairness, privacy, and explainability.
Second, institutions and platforms are deploying analytics
at scale, creating opportunities for rigorous evaluation (e.g.,
pragmatic trials, stepped-wedge designs) while also expos-
ing persistent gaps in construct validity and generalizability
across courses and populations. A review that connects what
is being personalized to how it is decided and what evidence
supports it can help the field move beyond isolated successes
toward dependable practice.

Our contribution is threefold. First, we build a transparent
corpus by identifying LAK and EDM papers that mention
personalization (2015-2025), then screening for studies that
are substantively about personalization rather than merely
naming it. This keeps the review focused on instantiated
mechanisms rather than aspirations. Second, we extract
a common set of variables from the included studies, def-
initions, targets of personalization, indicators, techniques,
contexts and scales, evaluation designs, and reported limi-
tations/future work, and organize papers into interpretable
clusters defined by the object of personalization, yielding
community-specific profiles that can be compared directly.
Third, we use those profiles to answer a compact set of re-
search questions that address where each community focuses
its personalization efforts, which signals it relies on, and
what gaps remain most salient for future work.

We structure the inquiry around three research questions
that bridge description and critique:

RQ1: In studying personalization, where do EDM and LAK
place their main focus, and how do those foci differ?

RQ2: Which learner- and context-level indicators are used
to drive personalization in EDM and LAK?

RQ3: What research gaps and future directions emerge across
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the two communities?

Answering these questions yields both a map and a mir-
ror: a map of the conceptual and methodological terrain
of personalization across two influential communities, and a
mirror in which each community can see its strengths and
blind spots. By anchoring personalization in concrete tar-
gets and signals, and by contrasting EDM and LAK along
those axes, the review aims to move the conversation from
whether personalization “works” in the abstract to how we
can design effective, equitable, and adoptable personaliza-
tion in practice.

4. METHODOLOGY

4.1 Review design and reporting framework
We conducted a structured literature review of personaliza-
tion research in the LAK and EDM conference proceedings
for the years 2015-2025. Our goal is to map how person-
alization is instantiated (RQ1), what signals are used to
drive it (RQ2), and what limitations/future directions are
reported (RQ3). In terms of review type, this work aligns
most closely with a scoping review (i.e., aiming to character-
ize and map a body of work rather than estimate an effect
size). To improve transparency and reproducibility, we re-
port our search, screening, and selection steps in a PRISMA-
compatible structure (flow counts and explicit eligibility cri-
teria). Where PRISMA terminology is used, it is adopted
as reporting guidance rather than implying a registered SLR
protocol.

4.2 Information sources and search strategy
(high-recall)

We searched the official proceedings and hosting digital li-
braries for LAK and EDM for each year in scope. To max-
imize recall while keeping the query auditable, we used a
single high-recall lexical stem centered on personali*. This
stem captures spelling variants and common morphological
forms, including (non-exhaustively) personalization, person-
alisation, personalized / personalised, personalizing / per-
sonalising, and personalizability / personalisability. We ex-
ecuted the query separately for each venue-year and com-
munity. Overall, we record the authors, identifier / DOI,
year, venue, title, and abstract, and exported all data to a
CSV and concatenated into a raw “intake” file. Each row
corresponds to one retrieved record prior to de-duplication
and screening.

4.3 Eligibility criteria (inclusion/exclusion)
We predefined inclusion and exclusion criteria before screen-
ing and applied them consistently throughout.

Inclusion criteria - A record was eligible if it:

e is a paper in LAK or EDM proceedings within 2015 -
2025 (excluding workshop-only volumes if not part of
the main proceedings, unless explicitly in scope);

e contains an instantiated personalization/adaptation
mechanism (see operational definition below).

Exclusion criteria - A record was excluded if it:



e is not a LAK/EDM proceedings paper in scope (e.g.,
abstract-only items, workshops);

e mentions personalization only rhetorically (e.g., as mo-
tivation or aspiration) without an implemented adap-
tive mechanism.

We define personalization as an intentional adaptation of
content, sequence/path, feedback, support, interface, or as-
sessment to individual learners (or explicitly defined learner
subgroups) using learner-specific information (data, models,
or explicit rules). Mere parameter tuning at the population
level, generic “one-size-fits-all” recommendations, or aspira-
tional statements without a realized adaptive mechanism do
not qualify.

4.4 Screening and selection process
Screening proceeded in two stages and was documented in
a dedicated workbook sheet with validation rules.

Stage 1: about-personalization decision - We screened each
unique record to determine whether it is substantively about
personalization under the operational definition above.
Records were labeled Include, Exclude, or Unclear. Un-
clear cases were resolved via discussion using decision notes
and adjudicated conservatively (i.e., inclusion required evi-
dence of an instantiated adaptive mechanism).

Stage 2: learning-outcomes evaluation decision - In Stage 2,
we focus on outcome evidence because this review aims to
synthesize support for learning impact claims, i.e., whether
personalization changes what learners know or can do, rather
than only whether an intervention is used, accepted, or en-
gaging. Process characteristics (e.g., clicks, time-on-task,
persistence, navigation patterns, or strategy indicators) are
often meaningful as mediators or early warning signals, but
they are not consistently identifiable with learning across
contexts and can be driven by novelty, interface constraints,
or compliance effects. Given the field’s well-known risk of
conflating “more activity” with “more learning”, we treat
process measures as learning outcomes only when a study
provides an explicit validity argument that the process met-
ric is learning-proximal in that context (e.g., validated link-
age to performance/competency or a preregistered/justified
surrogate endpoint). Otherwise, process measures are coded
as indicators or intermediate outcomes rather than learning
outcomes. For records included after Stage 1, we assessed
whether the study measured effects on learning outcomes.
We treated learning outcomes as changes in knowledge, skill,
or performance evidenced by assessments (pre/post or de-
layed), mastery probabilities, grades explicitly tied to com-
petencies, validated performance tasks, or completion when
justified as competency-proximal. Engagement, usability,
satisfaction, or time-on-task were not counted as learning
outcomes unless explicitly validated within the study design
as learning-proximal endpoints.

PRISMA-style accounting of records - To support reproducibil-
ity, we report record counts at each step:

e Records retrieved by searches in EDM and LAK: 503
(LAK: n = 370, EDM: n = 133)

e Records excluded in Stage 1 (not personalization): 269
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Figure 1: Inclusion and Exclusion of Records.

(LAK: n = 226, EDM: n = 43)

e Records included after Stage 1: 234 (LAK: n = 144,
EDM: n = 90)

e Records excluded in Stage 2 (no learning-outcome ef-
fects measured): 174 (LAK: n = 117, EDM: n = 57)

e Records included after Stage 2 (learning outcomes mea-
sured): 60 (LAK: n =27, EDM: n = 33)

These counts correspond to the workbook filters and enable
reconstruction of the selection process. Fig. 1 visualizes the
accounting of records.

4.5 Data extraction, codebook, and coder re-
liability

Workbook and codebook - We maintained a multi-sheet Ex-
cel workbook as the study database. A Dictionary sheet
defined each variable and its admissible values; Metadata
stored bibliographic fields and provenance; Screening cap-
tured inclusion decisions with validation rules and inconsis-
tency flags; and Coding contained analytical variables with
controlled vocabularies (e.g., object of personalization, indi-
cator families, techniques).

Coding variables - For all papers included after Stage 1, we
extracted variables aligned with RQ1-RQ3. For RQ1, we
coded the object(s) of personalization as non-exclusive cat-
egories (e.g., content, sequence/path, feedback, interface,
support, assessment) and recorded domain and scale descrip-
tors (participants and/or interaction records). For RQ2, we
coded the indicators used to drive personalization (multi-
select), such as knowledge-state estimates, performance his-
tory, demographics / learner profile, outcomes, behavioral
traces, or social / context signals. For RQ3, we transcribed
limitations and future-work statements as close paraphrases
and coded them into thematic categories.

Coders and disagreement resolution - Coding was performed
by 6 coders. To ensure consistency, we conducted a pilot on



30 papers to refine the codebook and decision rules. Each
paper was coded by two independent coders. Disagreements
were resolved through discussion. When ambiguous, both
codings have been included. We assessed reliability on a
double-coded subset of 40 papers using Cohen’s k = .78 for
key categorical variables (Stage 1 decision, object of per-
sonalization, indicator families). Agreement was Cohen’s
Kk = .84 in stage 2 and informed final refinements to the
codebook prior to full coding.

4.6 Analysis

Analysis proceeded in three coordinated steps mapped to
the research questions. For RQ1, we treated the object-
of-personalization codes as the primary organizing axis and
computed category distributions separately for EDM and
LAK, yielding community-specific profiles of where person-
alization efforts concentrate. Because these object cate-
gories directly reflect how adaptation is instantiated, this ap-
proach supports straightforward validity checks and avoids
the opacity of unsupervised topic modeling. To enrich the
profiles, we examined within-category co-occurrence of indi-
cators.

For RQ2, we compared the prevalence of indicator families
across communities both overall and conditional on object
category (e.g., whether knowledge-state estimates co-occur
more frequently in EDM than in LAK, or whether LAK
draws more heavily on learner profiles and social/context
signals). For RQ3, we synthesized coded limitations and
future-work themes to identify common gaps and directions,
reported overall and stratified by venue and object category
where informative.

In summary, this review identifies where EDM and LAK
concentrate their personalization efforts (RQ1), which sig-
nals they rely on (RQ2), and which gaps are most salient
for future research (RQ3).

5. RESULTS

Based on how each paper operationalizes personalization
and the target goal to which personalization is optimized,
we identified seven non-exclusive personalization types:

e Learning Path (Learning Material): Adaptive selection
and sequencing of course materials, activities, and dif-
ficulty to guide each learner’s path.

e Recommender System (Course, External Resources):
Recommendations for courses/programs and external
resources (videos, articles, apps) tailored to learners’
goals and performance.

e Dashboard: Personalized analytics/visualizations that
surface progress, risks, and suggested actions to sup-
port self-regulated learning.

e Feedback/Support/Notifications: Tailored hints, expla-

nations, formative feedback, reminders, and interven-
tion messages triggered by learner state.

e Instruction: Adaptation of instructional strategies and
supports (e.g., tutoring policies, scaffolding, differenti-
ated activities, teacher support allocation).

e Scheduling: Personalized timing and pacing - prac-
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tice/test scheduling, spacing and review intervals, and
ordering of assignments.

e Collaboration/Forum: Social personalization - peer /
mentor recommendations, forum thread suggestions,
group-based differentiation, and support for collabo-
rative activities.

Papers were allocated to the personalization types as shown
in the extract of Table 1. The entire table with all cod-
ings can be found at https://doi.org/10.5281/zenodo.
20023758[79]. Six papers were excluded from type-based
analyses because they could not be linked to any of the seven
types ([92, 73, 51, 45, 48, 76]). Fig. 2 illustrates the abso-
lute numbers of personalization-related papers clustered by
personalization type, including all included papers (top) and
the subset measuring learning outcomes (bottom). Absolute
counts are shown to reflect overall research output, given the
larger volume of LAK papers in stage 1, rather than empha-
sizing relative proportions.

5.1 RQ1: Where do EDM and LAK place their

main focus, and how do those foci differ?
To test whether EDM and LAK differ in their emphasis
across personalization types, we first applied Levene’s tests
to determine whether equal variances could be assumed. We
then used independent samples t-tests when Levene’s tests
were non-significant and Welch tests otherwise.

Because RQ1 (and RQ2) involve comparing multiple cate-
gories, we interpret the p-values jointly rather than as inde-
pendent tests. We therefore report exact p-values and effect
sizes for transparency and interpret exploratory / descrip-
tive. Given the review’s descriptive / scoping aim and the
non-independence of categories, we did not apply a strict
family-wise correction (e.g., Bonferroni), which would be
overly conservative and increase Type II error in an already
power-limited setting, especially for the learning-outcomes
subset (n = 60).

As a sensitivity check, we note that the key community
differences in the full corpus (recommender systems, dash-
boards, and feedback / support with p < .001) would re-
main statistically significant under common false-discovery-
rate control (e.g., Benjamini-Hochberg at ¢ = .05), whereas
marginal findings should be interpreted as exploratory and
are not relied upon for central claims.

Considering all personalization-related papers (n = 234),
Levene’s tests were significant for learning path, recommender
system, dashboard, and feedback/support (p < .001). Lev-
ene’s tests for the remaining types were also significant (p <
.05). The two-sided p-values of the Welch tests were be-
low .001 for recommender system, dashboard, and feedback
/ support, indicating statistically significant differences be-
tween communities. For the remaining types, p-values were
above .05, indicating no statistically significant differences
at p < .05. Effect sizes were medium to large for feed-

back / support (Cohen’s d = —.616), medium for recom-
mender systems (Cohen’s d = .526) and dashboards (Co-
hen’s d = —.477), and small for learning path (Cohen’s
d = .274).
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Table 1: Personalization types and indicators of LAK and EDM papers,

which include personalization effects on the learning outcome (extract).

Year

EDM/LAK

234




We repeated the same analysis for papers that measure per-
sonalization effects on learning outcomes (n = 60). Levene’s
tests were significant under p < .05 for learning path (p =
.002), dashboard (p = .012), feedback/support (p = .012),
instruction (p < .001), and collaboration (p = .007), indicat-
ing unequal variances. Neither the p-values of the two-sided
Welch tests nor those of independent samples t-tests were
significant under p < .05. Thus, while absolute counts sug-
gest different emphases in the learning-outcomes subset, the
subset is too small to detect statistically reliable differences.

In summary, this finding answers RQ1 and reveals that EDM
and LAK papers published between 2015 and 2025 differ
in terms of personalization type: LAK papers focus more
prominently on feedback / support and dashboards, while
EDM papers focus more often on recommender systems.

A minor difference is observed for learning-path personal-
ization, where LAK papers occur slightly more frequently
overall. For papers that also measure effects on learning out-
comes, the number of included papers is too small to identify
statistically significant differences. However, descriptively,
42% of EDM papers in the learning-outcomes subset focus
on learning-path adaptations, while in LAK, only 22% focus
on learning-path adaptations when learning outcomes are
measured, although there is no remarkable difference when
papers are not filtered to explicitly focus on learning out-
comes.

5.2 RQ2: Which learner- and context-level in-
dicators are used to drive personalization
in EDM and LAK?

Across included papers, we identified 12 indicator categories
to which each paper was linked:

Outcomes & Achievement: Observable end results such
as grades, test scores, pass/fail, completion, and profi-
ciency.

Knowledge/Mastery State: What the learner knows
now and how it changes - KC mastery/ability esti-
mates, probability of correctness, learning/retention.

Assessment & Item Properties: Features of tasks/items
- difficulty, discrimination, format, Q-matrix/skills map-
ping, steps/subparts.

Temporal Pacing & Workload: When and how long -
start/submit vs. deadlines, time-on-task, lags between
sessions, workload over time.

- clicks, views, plays/pauses, navigation, resource use,
attendance, dwell time.

Strategy, Process & Help-Seeking: How learners work -
attempt patterns, hints/scaffolds/JIT use, SRL signals
(planning / monitoring), path / strategy metrics (e.g.,
TTS / CFA).

Learner Profile & Context: Who the learner is - de-
mographics, prior achievement / knowledge, goals /
motivation, affect / anxiety, interests, availability.

Social & Community Signals: Peer/community activity
- posts, comments, messages, reactions, collaboration

Behavioral Interaction & Engagement: Interaction traces
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Figure 2: Personalization types in EDM and LAK papers.

/ co-authoring, centrality, participation roles.

Content / Curriculum: Structure/semantics of learn-
ing materials and alignment - concepts / topics, tags,
prerequisites, knowledge graphs, similarity / relevance.

Model / Policy Signals & Diagnostics: System-side pre-
dictions and controls - predicted risk / performance,
utilities / importance, bandit / adaptive policies, la-
tent weights / biases, model diagnostics.

produced artifacts - writing (linguistic / structural fea-
tures), code (tokens / AST / correctness), revisions /
edits, talk / multimedia quality.

Records & Administrative Data: Institutional / opera-
tional records - attendance / absences, mobility / en-
rollment, suspensions, assignment status, calendars /
notifications, merged official logs.

To test indicator differences between EDM and LAK, we
employed the same procedure as for RQ1. Levene’s test was
only significant for “Knowledge/Mastery State” (p = .017).
However, across all indicators, there was no statistically
significant difference in the independent samples t-tests or
Welch tests when examining all personalization-related pa-
pers (Fig. 3).

Considering only papers that measured the effect of per-
sonalization on learning outcomes (n = 60), Levene’s tests
were significant for “Temporal Pacing & Engagement” only
(p < .001). Again, no statistically significant differences
were identified. This answers RQ2: there are no statistically
reliable differences in the indicators used for personalization
in EDM and LAK within the corpus, either overall or within
the learning-outcomes subset.

Work Products & Artifact Features: Properties of learner-
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Figure 3: Personalization indicators in EDM and LAK pa-

pers.

5.3 RQ3: What research gaps and future di-
rections emerge across the two communi-
ties?

To address RQ3, we analyzed the limitations and future-

work statements reported in the included papers and syn-

thesized them into recurrent themes. We report themes that
appear across both communities, followed by community-
leaning emphases.

Cross-cutting limitations (both communities) - Across EDM
and LAK, reported limitations converged on threats to ex-
ternal validity and data quality. Many studies relied on
small, context-bound samples or single-course deployments
and noted limited generalizability to other settings and pop-
ulations [1, 6, 27]. Cold-start and sparsity issues were fre-
quently highlighted, especially for new learners, low-activity
learners, or new content where personalization signals are
weak [20, 12]. Studies also reported measurement noise, in-
complete outcomes, and missing ground truth for learning
constructs, which constrained robust evaluation and cross-
study comparability [88, 1]. These recurring issues collec-
tively limit confidence in transferability and reduce the fea-
sibility of cumulative evidence building.

LAK-leaning limitations: adoption and ecological validity -
Within LAK, limitations more often problematized ecologi-
cal validity and adoption: platform- or course-specific inter-
ventions that do not generalize; institutional constraints on
integration and data flows; instructor workload and interpre-
tation burdens; and low voluntary engagement/compliance
when interventions are deployed in authentic settings [1, 6,
15, 27, 49]. These limitations often framed personalization
as a socio-technical intervention that depends on organiza-
tional fit, teacher workflow, and sustained user uptake rather
than on predictive accuracy alone.
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EDM-leaning limitations: model complexity and weak causal
validation - Within EDM, limitations were predominantly
model-centric. Papers emphasized parameter tuning diffi-
culty, computational complexity, and overfitting risks (es-
pecially for deep or KT-style models), as well as perfor-
mance degradation under distribution shift [88, 9, 25]. An-
other recurring theme was the gap between offline evaluation
and causal impact: algorithmic improvements measured on
logs or counterfactual simulations were often not validated
through randomized/causal designs in authentic learning en-
vironments [38, 9].

Cross-cutting future directions (both communities) - Future-
work statements commonly called for stronger evaluation
and more realistic deployment contexts: online experimenta-
tion and adaptive policies embedded in courses; richer data
beyond clickstream (e.g., multimodal traces); and clearer
reporting standards to improve reproducibility and bench-
marking [5, 41, 47, 42]. Ethical and governance themes also
appeared, including fairness, privacy, and responsible use of
personalization, alongside interoperability needs for cross-
platform integration [33, 47, 43].

LAK-leaning future directions: human-centered orchestra-
tion and infrastructure - LAK papers more frequently em-
phasized moving from analytics to action through situated,
human-centered interventions. Recurrent directions included
teacher-in-the-loop orchestration (dashboards and workflow
support), real-time adaptation in authentic contexts, inter-
operability and standards, and causal evaluation designs
that move beyond correlational evidence [5, 11, 29, 35, 4,
15, 24, 28, 47]. Multimodal data and richer recommenda-
tion/sequencing support were also recurring motifs [41, 14,
3, 30, 46, 65].

EDM-leaning future directions: scalable policy optimization
and benchmarking - EDM proposals concentrated on recom-
mendation and curriculum sequencing, representation learn-
ing, and sequence / knowledge modeling (often extending
KT) to improve personalization. Many papers also pointed
to benchmarking, replicability, and robustness testing to
strengthen external validity, and a growing emphasis on fair-
ness / privacy and human-centeredness in adaptive systems
[2, 23, 55, 75, 77, 9, 16, 53, 71, 82, 19, 40, 62, 69]. Over-
all, these results indicate that both communities articulate
similar high-level needs (generalization, data quality, evalu-
ation), but diverge in emphasis: LAK foregrounds adoption
and socio-technical integration, while EDM foregrounds al-
gorithmic generalization and policy/model validation.

6. DISCUSSION AND FUTURE WORK

The results paint a picture of two communities that are
aligned in aspiration but differentiated in how personaliza-
tion is realized, justified, and validated. This discussion in-
terprets the three results in relation to the paper’s central
goal: clarifying how personalization is enacted and evalu-
ated in EDM and LAK, and what that implies for credible
progress.



6.1 Interpreting differences in personalization
targets (RQ1)

The observed differences in focus can be read as a division of
labor between actionability and optimization. Dashboards
and feedback mechanisms are often designed around hu-
man interpretability and immediate use in learning/teaching
workflows, which aligns with LAK’s longstanding emphasis
on making analytics actionable. Recommender systems and
sequencing policies foreground algorithmic decision-making
under uncertainty, fitting EDM’s tradition of optimizing in-
terventions given data and constraints. Importantly, these
are not competing endpoints but complementary compo-
nents of personalization at scale: optimized policies that
are not interpretable or adoptable may fail in authentic set-
tings, while actionable interfaces without validated adaptive
mechanisms risk becoming advisory overlays.

A key nuance is that the learning-outcomes subset is small
enough that statistical differences disappear even when de-
scriptive differences remain. This suggests a practical con-
straint on the field’s evidence base: personalization is fre-
quently implemented and studied, but comparatively rarely
evaluated with outcome measures in a way that supports sta-
ble comparisons across venues. Strengthening the outcome-
evaluation base is therefore not merely a methodological
preference; it is a prerequisite for cumulative knowledge.

6.2 Why indicators look similar across com-
munities (RQ2)

Despite the differences in personalization targets, indica-
tor usage does not differ statistically between EDM and
LAK. One interpretation is that both communities draw
from a shared measurement toolkit (performance, behav-
ioral traces, context/profile, and model-derived signals), es-
pecially given overlapping platforms and datasets. Another
interpretation is that the indicator taxonomy is broad enough
to absorb community differences at a finer granularity: for
example, both communities may use “behavioral interaction”
indicators, but for different purposes (policy learning vs.
teacher-facing explanation), or with different operational-
izations (raw logs vs. engineered SRL constructs). In other
words, the lack of indicator differences at category level
should not be taken to mean that measurement practices
are identical; rather, it highlights that divergence may lie
in how signals are modeled, validated, and translated into
adaptation.

This result also clarifies an opportunity: if both communi-
ties already rely on similar signal families, then shared re-
porting standards (feature definitions, preprocessing, miss-
ingness handling, construct validity arguments) could signif-
icantly improve reproducibility and cross-study comparabil-
ity without requiring convergence on a single methodological
paradigm.

6.3 From “gaps” to research programs (RQ3)
Research gaps are empirically grounded in what authors
themselves repeatedly report. The discussion here focuses
on what those recurring themes imply for a forward research
program.

First, the cross-cutting limitations (context-bound samples,
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sparsity/cold-start, noisy and incomplete outcomes) point
to a deeper structural issue: personalization research often
advances through bespoke deployments and datasets, which
hinders external validity. This suggests that progress de-
pends on infrastructure-level changes: shared benchmarks
where appropriate, multi-site studies, and more consistent
definitions of what constitutes “personalization” and “learn-
ing outcomes” across contexts. Without these, even strong
individual studies remain difficult to synthesize.

Second, the community-leaning emphases are complemen-
tary and could be integrated into more powerful evaluation
and design patterns. LAK’s adoption/ecological-validity con-
cerns indicate that personalization should be evaluated as
a socio-technical intervention embedded in workflows, con-
straints, and incentives. EDM’s model-centric concerns in-
dicate that personalization should be stress-tested for ro-
bustness, generalization, and policy validity beyond offline
gains. A combined program would therefore evaluate per-
sonalization end-to-end: from signal quality and model ro-
bustness, through interface and orchestration, to causal im-
pact on learning.

Third, the repeated call for stronger causal validation sug-
gests that “better models” and “better dashboards” are insuf-
ficient if research designs cannot distinguish personalization
effects from confounds. Pragmatic experimentation (e.g.,
online A/B tests, stepped-wedge rollouts, teacher-mediated
randomization) and careful measurement design (validated
outcomes, delayed post-tests, or competency-proximal as-
sessments) are needed to turn personalization into reliable
practice. The rarity of learning-outcomes evaluations in the
corpus implies a field-level bottleneck: many studies stop at
plausibility or engagement metrics, leaving learning impact
under-evidenced.

Finally, ethics and governance themes (fairness, privacy, ex-
plainability) appear as an emergent but not yet uniformly
operationalized agenda. A practical implication is that these
considerations should be connected to the same objects /
indicators / techniques framework used in this review. For
example, fairness risks differ between a course recommender
and a mastery-based sequencer; privacy risks differ between
administrative records and multimodal sensing; explainabil-
ity requirements differ between teacher-facing dashboards
and learner-facing feedback. Treating ethics as design- and
context-dependent, rather than as a generic checklist, is
likely to make it more actionable across both communities.

6.4 Implications for cross-fertilization

Taken together, the results suggest a productive synthesis:
EDM contributes scalable modeling and policy optimization
methods, while LAK contributes human-centered orches-
tration, interpretability, and deployment realism. Cross-
fertilization could be accelerated by (i) adopting shared re-
porting standards for personalization objects, signals, and
evaluation designs; (ii) building evaluation pipelines that
explicitly connect offline metrics to online impact; and (iii)
designing systems where policy learning and human over-
sight are co-designed rather than bolted together. Such work
would directly address the dominant limitations reported in
both communities while preserving their strengths.



7. LIMITATIONS

This review offers a structured, comparative synthesis of per-
sonalization research in EDM and LAK between 2015 and
2025, but several limitations constrain the interpretation
and generalization of the findings. The corpus was inten-
tionally limited to papers published in the LAK and EDM
conference proceedings to support direct comparisons be-
tween two influential communities. While this restriction
improves internal coherence, it also narrows coverage by
excluding relevant contributions published in journals and
adjacent venues where personalization is frequently studied
and where longer-term deployments, multi-institution eval-
uations, and theory-building work are often reported. Con-
sequently, the patterns identified here should be understood
as reflecting the proceedings-centered discourse of these two
conference ecosystems rather than the full landscape of ed-
ucational personalization research.

Our retrieval strategy employed a single high-recall lexi-
cal stem (personalix) to ensure auditability and capture
common spelling and morphological variants. Although this
choice strengthens reproducibility, it can lead to both false
negatives and false positives. Relevant work may be missed
when personalization is instantiated under alternative ter-
minology (e.g., adaptive tutoring, individualized sequencing,
targeted intervention, mastery-based progression, or recom-
mendation framed without explicit “personalization” lang-
uage), and records may be retrieved where personalization
is invoked primarily as motivation rather than as an imple-
mented mechanism. Accordingly, the resulting corpus de-
pends not only on the search term but also on subsequent
screening decisions.

The review further relies on an operational definition of
personalization as system-driven, individual-level adapta-
tion (or explicitly defined subgroups) based on learner-specific
information. This definition provides conceptual clarity, but
it may exclude studies in which personalization is enacted
primarily through human mediation (e.g., instructor decision-
making supported by analytics) or where personalization is
realized as infrastructure, workflow integration, or institu-
tional practice rather than as an explicit adaptive mecha-
nism in software. Borderline cases are inevitable in a het-
erogeneous literature, and although adjudication procedures
were used, some degree of classification error remains pos-
sible. Similarly, the second-stage distinction between stud-
ies that measure learning outcomes and those that report
engagement, usability, or satisfaction requires interpretive
judgment because papers do not always report outcomes
with sufficient construct validity arguments or consistent op-
erationalization. Proxies such as completion or time-on-task
may be treated as learning-proximal in some contexts but
not in others, and ambiguity in reporting can affect catego-
rization.

The coding scheme necessarily abstracts across substantial
within-category heterogeneity. Targets of personalization
and indicator families were treated as non-exclusive cate-
gories, reflecting the fact that many systems combine mech-
anisms and signals. However, this design complicates infer-
ence because category frequencies do not correspond to mu-
tually exclusive partitions, and coarse taxonomies can mask
differences in how signals are operationalized and validated.
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For example, “behavioral interaction” may denote raw click-
stream counts, engineered self-regulated learning constructs,
or multimodal engagement indicators; “knowledge/mastery
state” may arise from classical cognitive models, deep knowl-
edge tracing variants, or hybrid approaches. As a result,
small differences at the category level should not be inter-
preted as equivalence in measurement practice or modeling
choices.

Quantitative comparisons are based on counts of papers
coded into categories and employ standard significance tests.
This approach treats papers as independent observations
and does not explicitly account for dependencies such as re-
curring authorship, shared datasets, or coordinated research
programs that may cluster publication patterns. Moreover,
the subset of included studies that evaluate learning out-
comes is comparatively small, limiting statistical power to
detect stable differences between communities in that sub-
set. Non-significant findings in the learning-outcomes analy-
ses should therefore be interpreted cautiously as insufficient
evidence for differences rather than evidence of no differ-
ences.

Finally, this work is not a meta-analysis and does not esti-
mate pooled effect sizes. The included studies vary widely
in context, intervention types, outcome measures, duration,
and evaluation designs, ranging from offline analyses and
observational studies to quasi-experiments and randomized
evaluations. This heterogeneity limits the appropriateness
of aggregating effects and complicates causal interpretation,
particularly when reports omit information needed to as-
sess internal validity (e.g., randomization fidelity, attrition,
contamination, or multiple testing control). In addition, the
synthesis of limitations and future-work statements depends
on what authors choose to report and may be affected by
reporting bias, page constraints, and selective emphasis, po-
tentially underrepresenting negative results, failed deploy-
ments, or governance constraints such as privacy and fair-
ness trade-offs. Taken together, these considerations indi-
cate that the present review is best read as a transparent,
reproducible map of how personalization is operationalized
and evaluated in LAK and EDM proceedings during 2015—
2025, rather than as an exhaustive census of all personaliza-
tion research or a definitive causal estimate of personaliza-
tion effectiveness.

8. CONCLUSION

EDM and LAK both pursue personalization, but they do
so through different lenses, as this literature review has ex-
amined. This review compared how EDM and LAK opera-
tionalize personalization (2015 — 2025) by what is adapted,
the indicators that guide personalization, and how effects are
evaluated. We find distinct foci - LAK leans toward feedback
and dashboards, EDM toward recommender/sequencing, but
no systematic differences in indicator usage. Shared limi-
tations include context-bound samples, data sparsity, and
measurement noise; LAK stresses adoption/ecological va-
lidity, while EDM emphasizes model complexity and weak
causal validation. Progress hinges on combining EDM’s pol-
icy/model advances with LAK’s human-centered orchestra-
tion, supported by practice-grounded trials, cross-platform
benchmarks, and clear reporting of objects, indicators, and
evaluation designs.
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