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ABSTRACT

Adaptive e-learning systems increasingly use artificial intelligence, yet
discussion often treats personalization as a proxy for student engagement.
Existing accounts remain fragmented across learner modeling, platform
constraints, and engagement language, which encourages overbroad claims.
This paper proposes a conceptual framework that links learner data signals,
learner models, categories of adaptive action, engagement dimensions,
and contextual guardrails such as privacy, fairness, and transparency. The
framework is illustrated using literature-backed platform patterns to show
how different adaptations target distinct engagement components rather
than simple activity metrics. The contribution is a disciplined organizing
logic that clarifies definitions, separates adaptive design from effectiveness
claims, and supports interpretable engagement reasoning without new data.
The framework is intended for Al in education researchers, digital learning
designers, and higher-education practitioners working in digital education
platforms.
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INTRODUCTION

Al-driven adaptive functions are now widely embedded
in digital education platforms, yet their relationship
to student engagement remains conceptually under-
specified. Education 4.0 discourse emphasizes data-
rich, responsive learning environments and has
helped move personalization claims into mainstream
platform design.[ However, quality-focused digital
education also requires that adaptation be assessed by
its contribution to inclusive, meaningful participation
in learning, rather than by novelty or automation
alone, which aligns this agenda with SDG 4, Quality
Education.[" 2

Despite rapid adoption, discussion of adaptive
e-learning often reduces to a broad promise of
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personalization, while engagement is treated as a
narrow proxy for activity such as logins, clicks, or
time on task. This definitional slippage is a practical
failure mode for interpretation, because it limits
comparability across systems, obscures what evidence
actually supports, and makes defensible claims about
how adaptation supports learners across varied
instructional contexts difficult in the contemporary
Al in education landscape.! The motivating problem
landscape is summarized in Fig. (1). Building on
these concerns, this study therefore argues for
engagementcentredframing that separates what
the system adapts, what learner state it infers,
and which engagement dimension is intended to
change.
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Fig. 1: Adaptive learning problem landscape
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The paper contributes an organizing framework
that links learner data signals, learner modeling,
adaptive actions, engagement dimensions, and
platform constraints into a single interpretive
structure. Taken together, these categories are
intended to help researchers and designers describe
adaptive mechanisms precisely, locate where
evidence supports a specific engagement claim,
and differentiate plausible engagement support
from overgeneralized effectiveness language. The
remaining sections define the key constructs, build
the framework, and show how it can be applied to
recognizable adaptive platform patterns without
substituting illustration for empirical proof.

DomMAIN BACKGROUND AND PROBLEM
FrRAMING

Existing systematic syntheses of Al powered adaptive
learning describe varied mechanisms and outcomes,

Behavioral

however they often treat engagement as activity
rather than as a defined construct.™ By contrast, work
in artificial intelligence in education (AIEd) blends
learner modeling, recommendation, and tutoring
paradigms, fragmenting claims through unshared
assumptions.®! Fig. (2) situates these clusters and
gaps, clarifying the need for a disciplined organizing
framework.

Adaptive mechanisms and the data-to-
action pipeline

Adaptive e-learning systems can be viewed as a data-
to-action pipeline with three linked components:
learner signals, a learner model that diagnoses
learner state, and interventions that act on that
diagnosis.t! Learner signals include platform traces
that are often informative, however they should not
be treated as engagement by default and require
interpretation before they are used as evidence. The
pipeline components are summarized in Tab. (1).
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Fig. 2: Evidence map of adaptive learning literature

Table 1: Signals to model to action overview

Pipeline Part

What It Covers in This Paper

Why It Matters for Engagement

Learner Signals
platforms

Learner data signals from digital education

Input evidence for engagement-centered
adaptation (avoid treating simple activity
metrics as engagement)

Learner Model

Learner modeling that organizes learner
data into an interpretable learner state

Connects signals to a defensible basis for
personalization claims

Adaptive Action

Main categories of adaptive action used in
adaptive learning and personalization

System responses intended to support stu-
dent engagement in the learning journey

Context And Guardrails
ics and governance constraints

Platform and pedagogical context plus eth-

Sets boundaries, limits overclaim, and
keeps adaptive design tied to real platform
conditions
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Learner modeling combines these inputs into an
interpretable learner state, so personalization claims
are anchored in model-based evidence rather than
raw activity counts.”! As updates accumulate, an
adaptive action is selected so its engagement target
matches inferred needs, while remaining consistent
with platform constraints, pedagogy, and governance
guardrails. 7

Where engagement talk breaks down in
platforms
Digital platforms often define engagement in terms
of what is easiest to record: clicks, time on task, and
submission counts. These traces are then treated as
engagement itself, or as evidence of learning, even
though they capture only a behavioral surface and
can reflect compliance, confusion, or gaming.!®
Al-mediated interaction can widen access
to timely support through adaptive prompts or
conversational help. However, it can also strain social
boundaries by shifting expectations of responsiveness
and by obscuring who is accountable for guidance.®
Because platforms must work within privacy
constraints, limited context about learners, and
classroom pedagogy, adaptation is most credible
when it targets specific engagement dimensions
and avoids optimizing simplistic proxies that can be
improved without improving learning.

Key CoNCEPTS AND DEFINITIONAL
BOUNDARIES

Key terms are set to keep the scope on engagement-
centred adaptive learning in digital platforms,
rather than on benchmarking. Adaptive learning
is defined as system change driven by learner
data and models. Personalization is defined as
learner-specific  adjustment.  Engagement s
treated as comprising behavioral, cognitive, and
affective components, and it is differentiated
from activity counts, learning outcomes, and
policy-framed expectations for digital literacy or
competence.® "% Definitions are provided in Tab.
(2), and their relations are summarized in Fig. (3).
Engagement components are stated in Eq. (1).

e=(EyE.E,) M

A composite index is stated in Eq. (2).
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Fig. 3: Conceptual framework for key terms

Table 2 : Definitions and scope boundaries

Term

Meaning In This Paper

Scope Boundary

Al-driven adaptive e-learning systems

Digital learning systems that use Al
to adjust learning experiences and
support student engagement

Focus is on engagement-centered
adaptation in digital platforms, not
algorithm benchmarking

Adaptive learning

System changes based on learner data
and a learner model to choose an
adaptive response

Kept to adaptation logic and design
choices, not claims of universal effec-
tiveness

Personalization

Learner-specific adjustments made
through adaptive functions rather
than one-size-fits-all delivery

Treated as a design approach; avoids
generic personalization claims and
overclaim

Student engagement

components

A construct treated as more than
simple activity; discussed through
behavioral, cognitive, and affective

Separated from learning outcomes;
activity metrics alone are not treated
as engagement

Digital education platform context

The platform and pedagogical condi-

Used to keep interpretations realistic;

tions that shape what adaptation can
do and how engagement is expressed

excludes broad Al policy discussion

jole
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Student engagement as a multi-component
construct

Student engagement is treated as a multi-component
state  that integrates behavioral participation,
cognitive investment, and affective experience
during learning activities. Engagement is therefore
not presented as a fixed trait but as a changing
state shaped by attention, challenge, and perceived
control, aligning with flow-oriented accounts of
absorption and persistence in tasks.!""!

Engagement is also situated in social and
institutional contexts in which meaning is produced
through community norms and patterns of
participation.l'Z This distinction clarifies how adaptive
interventions should be interpreted: personalization
that optimizes an individual’s momentary motivation
may not strengthen belonging, collaboration, or
legitimate participation, while, by contrast, socially
supportive design can sustain engagement even when
task-level flow fluctuates.['" 12

Adaptation vs personalization and the
boundary of claim
Adaptive behaviour denotes system decisions that
adjust in response to an inferred learner state and
context, most often via learner modeling. This us-
age clarifies a narrower category within the broader
label personalization, which may include adaptive
behaviour but also static tailoring. By contrast, cus-
tomization refers to simpler options set by a user or
instructor and does not rely on ongoing inference .["3!
In the evaluated framing, claims are restricted
to changes in engagement, including attention,
participation, or persistence within a platform.
However, effectiveness claims about learning
outcomes require separate theory and evidence and
should not be implied by the term personalization
alone, given the risk of conflating engagement with
learning.["3

Learner modeling and digital platform
context

Learner modeling in this setting is an interpretable,
updatable estimate of learner state inferred from
platform traces and learner inputs. Logs provide the
observed evidence (e.g., progress, errors, timing).

150

By contrast, the model represents the inferred state
that is then used to select adaptive actions.

Platform context covers content formats,
interaction tools, and observable signals, while
pedagogical context covers sequencing, assessment
stakes, pacing, and instructor or peer support.
These conditions constrain what adaptation can do
and clarify how engagement indicators should be
interpreted, so simple activity counts are not treated
as engagement.

FRAMEWORK CONSTRUCTION

The framework organizes adaptive e-learning around
engagement by linking learner state, candidate
actions, and intended engagement targets, building
on efficiency-oriented summaries.!'*] Fig. (4) clarifies
these links for design and interpretation. Engagement
gain is the predicted change after action a, Eq. (3).

AE(s,a,t) = E(s".t) — E(s.t) (3)

Adaptive fit differentiates actions by weighing gain
against implementation cost and governance risk,

Eq. (4).
Fit(s.a.t) = AE(s.a.t) — A Cost(a) — p Risk{a) (4)

Action selection chooses the option with maximum fit
among those available, Eq. (5).

a' = mazx,., Fit(s a,.t) (5)
= 7~ |
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Fig. 4: Logic model linking data, actions,
and engagement
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Core elements of the engagement-centred
adaptive framework

The engagement-centred adaptive framework
clarifies how an adaptive digital learning platform can
translate learner information into actions intended
to support engagement. It organizes this process
into learner data signals, a learner model that
interprets those signals, adaptive actions that modify
the learning experience, engagement dimensions
that specify the intended target of change, and
contextual constraints that bound what adaptation
can reasonably claim or do.

Learner data signals are the observable traces
available to the platform, including interaction,
timing, and assessment events, which become
informative only after appropriate cleaning and
interpretation. The learnermodel represents the
learner state inferred from these signals and provides
the basis for selecting adaptive actions such as content
selection, pacing support, feedback, or interface
changes. Engagement dimensions specify what the
action aims to influence, differentiating participation
behaviours from cognitive investment and affective
experience. The mechanism map in Fig. (5)
situates signals, model, action, and engagement
target within a single decision pathway.

Finally, contextualconstraints differentiate the
settings in which adaptation is feasible by capturing
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pedagogy, course design, privacy, and fairness
limits. The blueprint also underscores that the goal
is to balance engagement rather than to maximize
activity.”

Linking learner state, adaptive action, and
engagement targets
Adaptive e-learning systems typically depend on
an inferred learner state to decide what should be
changed in the platform. Learner data signals, such
as participation traces, are interpreted through
learner modeling to summarize behavioral, cognitive,
and affective engagement conditions, while also
accounting for constraints imposed by the platform
and pedagogy. These inferred states, in turn, delimit
what an adaptive response can plausibly influence.

The framework therefore represents each
adaptation as a matched triple consisting of the
current state, a specific adaptive action, and an
explicit engagement target. The state action
target alignment clarifies that personalization
decisions should be chosen to address participation
patterns (behavioral), learning needs (cognitive), or
engagement support needs (affective), while context-
state adaptations remain constrained (Tab. (3)).

By explicitly naming the target dimension,
the framework supports more disciplined, scope-

limited claims about how platform features
Engagement Mix
B— 2
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Fig. 5: Adaptive engagement blueprint
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Table 3: State action target alignment

Learner State Learner Data Basis

Adaptive Action Engagement Target

Behavioral engagement
state

Learner data signals in dig-
ital platforms, interpreted
through learner modeling

Adaptive learning person-
alization choice matched
to current participation
patterns

Behavioral engagement

Cognitive engagement state | Learner data signals, in-
terpreted through learner

modeling

Adaptive learning personal-
ization choice matched to
current learning needs

Cognitive engagement

Affective engagement state | Learner data signals, in-
terpreted through learner

modeling

Adaptive learning personal-
ization choice matched to
engagement support needs

Affective engagement

Digital platform context
and pedagogical context
constraints

Platform and pedagogical
context state

Adaptive learning per-
sonalization constrained
by platform realities and
governance limits

Student engagement (within
contextual constraints)

may shape engagement through self-regulated
learning processes, rather than assuming that any
personalization increases engagement.!'s  This
framing also aligns with mediation-based reasoning in
which adaptive actions operate through intermediate
learner processes before changes in engagement are
observed.!"!

How the framework is used to read
systems and studies
The framework serves as a reading template for
adaptive e-learning systems or studies by requiring a
full chain from learner data signals to a learner model,
from the model to an adaptive action, and from that
action to the specific engagement dimension it is
meant to affect. Contextual conditions, including
course design, platform affordances, and governance
limits, are documented alongside the chain so that
interpretation remains situated

Applying the same template across studies
clarifies comparisons and makes overclaim harder
to sustain. Claims are expected to track the stated
targets, mechanisms, and constraints, rather than
defaulting to generic personalization.

APPLYING THE FRAMEWORK TO ADAPTIVE
PLATFORM PATTERNS

Ondigital platforms, the framework canbeinterpreted
as a set of recurring design patterns: learner signals

152

are first condensed into a learner model and then
translated into an adaptive action that targets a
particular engagement dimension within platform
constraints. Common instances include adjusting
content sequence or difficulty, scheduling feedback
or reminders, recommending practice based on
identified gaps, and offering choice or social prompts
that are intended to sustain motivation while avoiding
claims of universal learning gains.

Common adaptation patterns and their
engagement focus
Adaptive e-learning systems often implement
recurring adaptation patterns, yet the engagement
purpose of an adaptive action is frequently left
implicit. For claim discipline, engagement-target
specificity requires describing the action by the
engagement dimension it aims to shift, not only by
proxies such as clicks or time-on-task.!"®]

The crosswalk in Tab. (4) treats engagement as
a profile with behavioral, cognitive, and affective
components and links each component to the way
the platform frames adaptation. Behavioral targets
emphasize observable participation, cognitive targets
emphasize effortful processing and understanding,
and affective targets emphasize interest and
emotional tone during learning.

Retrieval practice, including practice testing, is
a canonical adaptive pattern because item selection

International Online Journal of Education and Teaching, ISSN - 2148-225X - Jul - Sep 2025
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Table 4: Patterns mapped to engagement dimensions

Engagement Type How Engagement Is Framed How Adaptation Connects

Behavioral Behavioral component of the en- Used as an intended engagement target when matching
gagement profile learner state, adaptive response, and platform context

Cognitive Cognitive component of the engage- | Used as an intended engagement target when linking learn-
ment profile er data signals and learner modeling to adaptive actions

Affective Affective component of the engage- | Used as an intended engagement target when interpreting
ment profile how adaptive actions support student engagement without

generic personalization claims

and spacing can be tuned to a learner model and an
intended cognitive engagement target.['! However,
mismatches arise when the same technique is
justified only by behavioral activity gains, or applied
without regard to task and context constraints.[" The
mismatch map in Fig. (6) summarizes these common
target-technique gaps.

lllustrative literature-backed examples and
interpretations
An explainable Al (XAl) engagement modeling
example can be read as connecting platform logs to
a learner model, with explanations used to justify an
adaptive response, for example adjusting feedback to
sustain behavioral participation rather than inferring
motivation.["™ On this reading, key limitations
are explicit from the outset, including imperfect
proxy signals and the risk that explanations do not
correspond to causal mechanisms.

Large scale analytics can reveal patterns across
learners, however the framework depends on spec-

International Online Journal of Education and Teaching, ISSN - 2148-225X - Jul - Sep 2025

ifying both what is adapted and which engagement
dimension is targeted, instead of treating prediction
accuracy as evidence of personalization [18]. Small
sample learning management system (LMS) studies
can make these categories concrete by documenting
the adapted element, such as content sequencing
or support messages, and the claimed engagement
form, but conclusions remain bounded by the local
platform and pedagogy.!

DiscussioN AND IMPLICATIONS

The framework clarifies personalization by differen-
tiating which learner signals warrant which adaptive
actions and which engagement dimensions the adap-
tation targets. Interpretation and design are treated
as context-sensitive decisions, shaped by pedagogy,
platform constraints, and governance limits, not as
universal improvement claims. Responsible use in
the evaluated setting requires identifying where evi-
dence is missing and avoiding one-size-fits-all narra-
tives when translating design guidance.?”
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Implications for research design and
platform practice

Evaluations of adaptive engagement should start from
explicit definitions and measures that distinguish en-
gagement from activity counts and from learning out-
comes, so that claims remain aligned with what is
observed. Carefully designed comparisons can then
examine whether adaptive actions, driven by learner
signals and learner models, shift targeted engage-
ment dimensions, while also recording practical con-
straints on follow up, baseline collection, and imple-
mentation. 2!

In platform settings, instrumentation should
capture the signals required by the intended
adaptation, and reporting should situate the evidence
by stating the platform context and scope and by
clarifying that it reflects conceptual synthesis rather
than new experiments. A compact set of reporting
checks is summarized in Tab. (5).

Guardrails: privacy, fairness, transparency,
and feasibility

Adaptive engagement systems are shaped by
governance and platform constraints that limit which

Table 5: Operationalization and reporting guidance

Reporting Check

What To State

Why It Matters

Define Key Terms

Clear meanings for adaptation, personaliza-

tion, engagement, learner modeling, and
digital platform context

Prevents concept drift across the paper and
avoids undefined buzzwords

Separate Engagement from
Outcomes

How student engagement is treated differ-
ently from simple activity metrics and from
learning outcomes

Avoids overstating what engagement signals
mean and keeps interpretation disciplined

Describe Adaptive Logic

How learner data signals and learner
models connect to adaptive actions and
intended engagement dimensions

Prevents generic personalization claims and
makes the framework usable

State Platform Context and
Scope

Digital education platform setting, intend-
ed use context, and what the paper keeps
in and keeps out

Keeps the framework tied to real platform
conditions and controls overgeneralization

Keep Claims Aligned to
Evidence Type

That the manuscript is a conceptual frame-
work paper, uses literature synthesis and
illustrative examples, and does not present
original empirical results

Reduces overclaim risk and helps readers
judge the strength and limits of conclusions

Table 6: Risks and recommended checks

Risk

Why It Matters

Recommended Check

Concept Drift

Framework becomes vague if key
terms are used inconsistently

Lock definitions for adaptation, per-
sonalization, student engagement,
learner modeling, digital platform
context; use terms consistently across
sections

Engagement Over-Simplified

tion

Activity metrics can be mistaken for
engagement, weakening interpreta-

Separate engagement from simple
activity metrics; describe engagement
dimensions explicitly when discussing
adaptive actions

Overclaiming Personalization

Generic personalization talk can

the paper scope

imply universal effectiveness, beyond

Avoid claims about universal effec-
tiveness; keep claims tied to what the
conceptual framework clarifies and
how it should be used
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Risk

Why It Matters

Recommended Check

Examples Treated as Evidence
empirical findings

Illustrations can read like original

Label examples as literature-backed
illustrations; represent published
sources accurately; avoid case-study
framing that implies new results

Ignoring Platform Constraints

practical value

Adaptive design can be described
without real platform limits, reducing

Include implementation and ethics
constraints that shape adaptive design:
privacy, fairness, transparency, plat-
form and pedagogical context

learner data may be used and which adaptive actions
are defensible. Privacy requires data minimization,
informed consent, and limits on secondary use.
Transparency requires that learners and instructors
can understand why adaptations occur. Feasibility
requires alignment with course pedagogy and
platform capabilities.?

Implementation and overclaim risks, and
recommended checks for maintaining disciplined
interpretation, are summarized in Tab. (6). Fairness
should be evaluated for potential disparate impact
across subgroups by comparing each subgroup
engagement estimate with a reference value,

Eq. (6).

Gapy = |Eg — E el (6)
ConcLusION
This study develops an engagement-centred

framework to interpret Al-driven adaptive e-learning
on digital education platforms, clarifying how learner
signals inform learner modeling, how models drive
adaptive actions, and which engagement dimension
each intervention aims to shift. By differentiating
engagement from simple activity traces and
from learning outcomes, the framework supports
defensible, comparable research claims and makes
the main points of missing evidence explicit. For
platform design, it provides a practical template
to align instrumentation, adaptation choices, and
governance guardrails, including privacy, fairness,
and transparency. Taken together, the framework
situates conceptual precision as a prerequisite for
responsible personalization.
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