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Abstract

This scoping review examines how artificial intelligence (AI) has been conceptualized and applied in
adaptive learning and learning analytics in K—12 online and distance education between 2020 and 2025.
Following Arksey and O’Malley’s framework and reported in accordance with PRISMA-ScR, we analyzed
21 empirical studies to explore thematic patterns, methodological trends, and research gaps. Most studies
reported gains for learners in engagement, motivation, and self-regulation. However, reported benefits
were unevenly distributed and often favored better-resourced learners, particularly in contexts where
teacher mediation and institutional support were modest. Al was explicitly integrated in two-thirds of the
studies, yet definitional inconsistencies blurred distinctions between genuine intelligence and automated
adaptation. Quantitative designs were predominant, largely focusing on performance outcomes as derived
from system logs and test data. While a small but growing number of mixed-methods studies have focused
on learner experience and teacher mediation, the field remains constrained by methodological consistency
and insufficient clarity regarding AI mechanisms. The findings highlight the importance of clearer
conceptual frameworks, research designs that are participatory and context-sensitive, and ethical
approaches that center teacher expertise and learner participation. This review argues that the
transformative potential of Al for adaptive learning depends less on technological sophistication than on
equitable, pedagogically informed integration between human judgment and automated systems.

Keywords: artificial intelligence in education, AIED, adaptive learning, personalized learning, artificial
intelligence, K—12 online learning, learning analytics, equity, scoping review
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Introduction

K-12 education has undergone accelerated digital transformation since 2020, particularly following the
COVID-19 pandemic, when emergency remote instruction gave way to sustained online, virtual, and
distance arrangements. Early syntheses of this period document large-scale shifts to digital platforms
alongside uneven capacity, variable access around the world, and concerns about engagement and equity,
which continue to shape online learning ecosystems today (Huck & Zhang, 2021). At the same time,
international guidance urges governments and educational technology providers to build safe, inclusive,
and evidence-informed digital infrastructures while weighing the opportunities and risks of artificial
intelligence (AI) in education (Global Education Monitoring Report Team, 2023). Against this backdrop, it
is timely to ask how adaptive learning (AL) and learning analytics (L.A) are being investigated and deployed
in K—12 online and virtual settings, and with what implications for learners, educators, and systems.

Conceptual and pedagogical work highlights that equity, accessibility, and ethics are not peripheral but
central to responsible adoption of AI in education. From a pedagogical perspective, human-centered
approaches emphasize that AL and LA should be designed with teachers and learners, being the main
stakeholders, in mind, aligned to classroom realities rather than displacing them (Shum et al., 2019). From
an equity and governance perspective, international reviews further show that policy capacity,
infrastructure, and privacy safeguards vary widely, shaping whether Al-enabled systems reduce or
reproduce inequities across contexts (Aguerrebere et al., 2022). At the level of learner development,
particularly in elementary grades, Boulhrir and Ait Bouch (2025) argue that developmental
appropriateness, teacher mediation, and data protection are flagged as essential conditions for use. Other
scholars similarly argue for stronger alignment between adaptive mechanisms and defensible theories of
learning (Boulhrir et al., 2026). Although AI systems are often presented as closed loops approximating
one-to-one tutoring, their effectiveness depends on explicit connections between learner models,
instructional models, and content models (Martin et al., 2020; Wang et al., 2020). Methodologically,
measurement choices are especially influential because they shape what learner characteristics are inferred
and, in turn, what aspects of instruction are adapted. Theoretically, however, many studies provide limited
justification for how particular learner characteristics are linked to specific feedback or institutional
pathways (Boulhrir, 2025; Maier & Klotz, 2022; Tretow-Fish & Khalid, 2023).

Several recent reviews provide important foundations for understanding AL, LA, and Al in education, yet
they differ in scope and emphasis from the present study. Martin et al. (2020) synthesize AL research across
contexts and technologies prior to the widespread normalization of K—12 online schooling, while Rundquist
et al. (2024) focus specifically on LA in K—12 mathematics, with attention to teaching and learning impacts
within the subject area. More recently, Yim and Su (2025) offer a broad scoping review of Al learning tools
across K—12 settings, emphasizing tool types and adoption trends. Building on these syntheses, the present
review narrows the analytical lens to Al-enabled AL and LA in K—12 online, virtual, and distance education,
with explicit attention to AI mechanisms, methodological patterns, and equity implications.

Accordingly, this scoping review aims to systematically map empirical research on Al-enabled AL and LA
in K-12 online, virtual, and distance education published between 2020 and 2025. Specifically, it
investigates (a) what research methods have been used, (b) what themes, outcomes, and technological tools
are reported, (c) the extent to which Al is explicitly emphasized, and (d) what gaps persist for future inquiry.
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It adopts a mechanism-aware lens that distinguishes signals, models, decisions, and targets to clarify how
Al is embedded in study designs and system architectures (Romero Alonso et al., 2024; Wang et al., 2020).
We expect this contribution to provide a consolidated account of current trends and gaps, generate
commensurable claims for researchers, offer mechanism-linked guidance for practitioners, and identify
governance priorities for policymakers concerned with equitable and responsible adoption (Global
Education Monitoring Report Team, 2023; Yim & Su, 2025). Hence, the article proceeds as follows. The
next section details Arksey and O’Malley’s (2005) framework, which guided our methods, including
sources, eligibility, screening, and charting. The results synthesize patterns by AI mechanism and research
design. The discussion considers implications for pedagogy, equity, and responsible data use. The
conclusion outlines priorities for future research in Al-enabled K—12 online education.

Conceptual and Theoretical Background

Research on AL and LA in K-12 online education is grounded in three interconnected foundations: system
components, pedagogical alignment, and evaluation frameworks. Together, these perspectives explain how
Al-enabled personalization is conceptualized and studied and why a focused mapping of the field is
warranted.

System Components

A common way among researchers to classify system design is by distinguishing the sources that a system
interprets from the targets it adapts. These sources typically include learner knowledge states or preferences
inferred by AI models, while targets involve feedback, navigation, or activity selection (Maier & Klotz, 2022;
Martin et al.,, 2020). On the assessment side, item response theory (IRT) models underpin many
operational platforms, whereas sequence models such as Bayesian knowledge tracing and deep knowledge
tracing are frequently discussed but are less often deployed at scale (Ihichr et al., 2024). In AL, often in
conjunction with LA, these architectures aim to approximate one-to-one tutoring by estimating learner
state and adjusting instructional sequences, task difficulty, or feedback (Wang et al., 2020). Despite this
technical sophistication, many systems are described as closed loops, with limited attention to the
pedagogical reasoning that governs when and why specific adaptations occur.

Pedagogical and Equity Lenses

Across the literature, design is treated more as a people-first process than a purely technical activity.
Human-centered approaches to LA emphasize that systems must be fit for purpose, usable, and aligned
with teacher and student needs rather than simply demonstrating algorithmic novelty (Shum et al., 2019).
Effective K—12 online instruction builds on pillars such as organization and design, connectedness,
accessibility, individualization, active learning, and real-time assessment (Johnson et al., 2023). For
younger learners, such as those at elementary levels, developmental appropriateness and teacher mediation
are non-negotiable when Al enters early grades. International perspectives keep reminding us that policy
capacity and infrastructure vary widely, raising the possibility that AI systems may reproduce rather than
reduce inequities if safeguards are absent. These tensions make coordinated governance and professional
learning integral to responsible adoption.
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Evaluation Logics

According to recent studies, measurement choices are not neutral; they shape what is inferred and, by
extension, what is adapted. While adaptive assessment research documents widespread use of IRT,
sequence models and reinforcement-inspired approaches are gaining traction (Thichr et al., 2024). Studies
of personalized feedback show adaptation at the micro-, meso-, and macro-levels, but rationales that
connect learner characteristics to specific interventions are often thin (Maier & Klotz, 2022). Evaluations
of dashboards and analytics environments typically emphasize usability and perceived value, but very few
probe multimodal evidence or the deeper structures of pedagogy in classroom use (Tretow-Fish & Khalid,
2023). Claims about learning in this respect would be stronger if instrumentation, validity evidence, and
teacher practices were examined together within authentic K—12 contexts. These conceptual, pedagogical,
and evaluative strands imply that research on Al-enabled AL and LA is fragmented, with unresolved
tensions around definition, purpose, and impact. These unresolved tensions underscore the value of a
scoping review that systematically maps research designs, outcomes, and persistent gaps.

Method

This review followed the five-stage framework proposed by Arksey and O’Malley (2005) and was reported
in accordance with the PRISMA extension for scoping reviews (PRISMA-ScR; Hamash et al., 2025; Tricco
et al., 2018). The purpose was to map rather than appraise study quality, identifying research trends,
methodological approaches, technological tools, and persistent gaps related to Al in AL and LA in K-12
online, virtual, and distance education environments.

Stage 1: Identifying the Research Questions

The review was guided by four research questions:

* RQ1: What research methods have been used in empirical studies of AL and LA in K—12 online,
virtual, and distance education published between 2020 and 2025?

* RQ2: What themes, educational outcomes, and technological tools are reported in these studies?
* RQ3: To what extent is Al explicitly emphasized in the analyzed studies?
* RQ4: What gaps persist that future research should address?

Stage 2: Identifying Relevant Studies

Searches were conducted in Scopus and ScienceDirect in August 2025, covering publications from January
1, 2020, to August 31, 2025. To supplement coverage, Google Scholar was searched with targeted title
queries, and reference lists of included articles were screened. Search strings combined terms for
population, intervention, and context:

* Population: “K-12” OR “primary education” OR “secondary education” OR “elementary school” OR
“high school”

« Intervention: “adaptive learning” OR “personalized learning” OR “learning analytics”

« Context: “online learning” OR “virtual learning” OR “distance education” OR “remote learning”
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The review was limited to English-language publications due to resource constraints and the language
coverage of the selected databases; no geographic restrictions were intentionally applied, although regional
representation reflects indexing and publishing patterns within these sources. All search strings were
subsequently validated manually by the research team. As detailed in Figure 1, the search yielded 177
records (142 from ScienceDirect, 32 from Scopus, and 3 from Google Scholar).

Stage 3: Study Selection

Screening occurred in two rounds: title/abstract screening, followed by full-text screening and data
charting. The inclusion and exclusion criteria are summarized in Table 1.

Table 1

Inclusion and Exclusion Criteria

Criterion type Included Excluded
Population K-12 learners (primary, elementary, secondary, Higher education or adult
high school) learners
Intervention AL and LA as central features Conceptual/theoretical work

without empirical data

Face-to-face or blended if online

Context Online, virtual, or distance education .
not primary
Study type Peer-reviewed empirical studies (quantitative, = Non-peer-reviewed (e.g., book
ytyp qualitative, or mixed methods) chapters, dissertations)
Language English Non-English
Publication years 2020—2025 Outside 2020-2025

Note. AL = adaptive learning; LA = learning analytics.

Studies employing AR/VR environments or neurocognitive measures (e.g., electroencephalogram [EEG] or
functional near-infrared spectroscopy [fNIRS]) were included when these tools informed adaptive decision-
making, learner modeling, or analytics-driven instructional adjustments within online or virtual K-12
learning contexts. Of the 177 records, 144 were excluded during title/abstract screening. More studies were
excluded during data charting for reasons such as wrong population, wrong context, or lack of empirical
evidence. The final dataset included 21 studies. The selection process is summarized in the PRISMA flow
diagram in Figure 1. Title/abstract and full-text screening, as well as data extraction, were conducted
independently by two reviewers. Disagreements regarding study inclusion or data charting were resolved
through discussion and consensus. Inter-rater reliability was calculated during screening, yielding a
Cohen’s kappa of 0.789, indicating substantial agreement.

126



Al'in Education: Mapping Adaptive Learning and Learning Analytics in K-12 Online, Virtual, and Distance Learning
Boulhrir, Ghreir, Hamash, and Robert

Figure 1

PRISMA Flow Diagram for Selected Studies

Stage 4: Charting the Data

Data from included studies were extracted into a standardized charting tool using Google Forms (see
Appendix for an illustrative sample). Fields included citation, country or region, study design, educational
level, platform or tool, learning context, AL/LA focus, data sources, outcomes, findings, reported
limitations, and thematic tags. We also coded for Al mechanism type, target of adaptation, and locus of use
(teacher- vs. learner-facing).

Stage 5: Collating, Summarizing, and Reporting

The descriptive analysis summarized publication trends, methodological approaches, and technological
tools across the included studies. An iterative descriptive—thematic synthesis was then used to group
outcomes, AI mechanisms, and pedagogical purposes, identifying recurring patterns and gaps. Given the
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heterogeneity of study designs and outcome measures, the synthesis focused on mapping trends rather than
aggregating effects or making causal claims, consistent with the aims of a scoping review.

Results

Research Methods in Empirical Studies of AL and LA in K-12 Online Education (RQ1)

To answer the first research question, the analysis of study design highlights a relatively dominant reliance
on quantitative methods, accounting for more than half of all publications, which suggests that research on
Al-enabled adaptivity in K—12 contexts is predominantly based on performance metrics and controlled
evaluations, with fewer studies employing exploratory classroom-based approaches. Mixed-methods
studies, although fewer in number, show an upward trend in the later years of the review period, which is
indicative of a growing interest in combining statistical rigor with contextual depth. However, qualitative
research remains limited in terms of use and focuses on learner and teacher perspectives. A detailed
landscape of the methodologies is detailed in Table 2.

Table 2

Methodologies Implemented in Publications

Study design 2020 2021 2022 2023 2024 2025 Total
Quantitative 2 0 4 2 2 3 13
Mixed methods o) o) 1 o) 1 3 5
Qualitative 0 1 0 1 1 0 3
Total 2 1 5 3 4 6 21

To examine how these approaches were operationalized, Table 3 summarizes the specific research designs
used. Descriptive and experimental designs were most common (each 26.1%), followed by quasi-
experiments (21.7%). Comparative, design-based, and qualitative components appeared infrequently, each
representing less than 10%. The dominance of descriptive and experimental work underscores reliance in
the field on conventional empirical approaches; the scarcity of design-based or participatory research is
indicative of limited methodological innovation.
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Table 3

Research Design

Study type Count %

Descriptive 6 26.1
Experimental 6 26.1
Quasi-experimental 5 21.7
Comparative 2 8.7
Qualitative component (surveys, interviews, 1 4.3
observations)

Design-based research with evaluation 1 4.3
Quantitative (observational/modeling) 1 4.3
Explanatory sequential approach 1 4.3

Regarding the data sources in the studies, Table 4 shows a strong preference for conventional empirical

methods, with descriptive and experimental designs leading. Quasi-experimental approaches also feature

notably, but more innovative or participatory methods remain rare in a way that suggests limited

methodological diversity in the field.
Table 4

Data Sources

Data source Count %
System logs 10 21.7
Assessment scores 10 21.7
Surveys 7 15.2
Interviews 3 6.5
Clickstream data 3 6.5
Observation 2 4.3
Explicit ratings (fun, difficulty) 1 2.2
Simulated student interactions 1 2.2
Public policy documents 1 2.2
Systematic review 1 2.2

129



Al in Education: Mapping Adaptive Learning and Learning Analytics in K-12 Online, Virtual, and Distance Learning
Boulhrir, Ghreir, Hamash, and Robert

Data source Count %
Teacher orchestration data 1 2.2
Pilot evaluation responses 1 2.2
fNIRS logs 1 2.2
Pre-/post-tests, standardized scores, 1 2.2

attendance logs, and classroom data

Questionnaires 1 2.2
Semi-structured interviews with stakeholders 1 2.2
EEG recordings 1 2.2

Note. {NIRS = functional near-infrared spectroscopy; EEG = electroencephalogram.

Analytical techniques were dominated by descriptive and inferential statistical methods, depicting nearly
half of all analyses being either descriptive or inferential. Notably, as Table 5 details, qualitative and
computational methods are emerging, but their use remains limited. Relatively less representation is noted
for regression and specialized techniques, along with psychometric validation. Conventional statistical
approaches are used more frequently than regression-based, qualitative, or advanced computational
methods.

Table 5

Data Analysis Methods Reported Across Studies

Category Methods No. of % of
mentions occurrences
Descriptive statistics Frequency counts, means, SD 12 22.6
Inferential statistics t-tests, ANOVA, ANCOVA, Wilcoxon 11 20.8
signed-rank, effect size, Shapiro—Wilk

Regression models Linear regression, logistic regression 4 7.6
Qualitative analysis Thematic analysis 6 11.3
Advanced computational =~ Machine learning, fuzzy C-means 6 11.3
methods clustering, recommender evaluation

metrics, XBI
Psychometrics/Validation Instrument validation, IRT 2 3.8

Specialized/Other EEG attention index, simulation modeling, 6 11.3
moderation analysis, multilevel models

Note. n = 53 occurrences in 21 studies. XBI = Xie—Beni Index; IRT = item response theory; EEG =
electroencephalogram.
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Overall, the field reflects a pattern of empirical activity accompanied by methodological narrowness.
Methodologically, the dominance of short-term quantitative and experimental designs indicates that
evidence on Al-enabled adaptivity in K—12 online education is shaped largely by what platforms can readily
measure. Theoretically, this emphasis reflects a narrow conception of learning as performance, rather than
as a socially situated and meaning-making process.

Themes, Technological Tools, Educational Outcomes, Opportunities, and Challenges
(RQ2)

The analysis of the selected literature reveals a dynamic but uneven landscape of AL technologies in K—12
education (Table 6). In fact, personalization is the most pervasive theme: Systems adapt content, feedback,
and pacing to learner profiles, cognitive performance, or engagement patterns. Many studies ground these
mechanisms in constructivist or cognitivist principles that promote differentiation and learner autonomy.
Teacher orchestration consistently emerges as a mediating factor, with teacher guidance and feedback
amplifying gains in motivation and achievement.

Table 6

Adaptive Learning Technologies in K—12 Education

Tool/platform Description Citation

ALEKS, DreamBox Commercial adaptive learning platforms for Divanji et al. (2023)
math and reading

Geniebook Al-powered platform with real-time analytics Sancenon et al. (2022)
and personalized feedback

NgodingSeru.com Gamified coding platform with adaptive Maryono et al. (2025)
scaffolding

PSALMS Al system for automated remediation and Wahyuningsih et al.
concept mapping (2024)

AR pop-up book AR tool for interactive storytelling Saif et al. (2021)

Matrix factorization LMS  Personalized recommendation engine for Lamb et al. (2022)

learning content

EEG-based attention Neuroadaptive system tracking cognitive Pardamean et al.
monitor engagement (2022)

Note. AR = augmented reality; LMS = learning management system; EEG = electroencephalogram.

Technological tools primarily include commercial software, custom AI systems, and immersive
environments. Although some platforms such as ALEKS and DreamBox remain common in mathematics
and reading, newer systems integrate neurocognitive inputs, fuzzy logic, and real-time analytics. Gamified
and augmented reality tools, including Geniebook, NgodingSeru.com, and augmented reality pop-up books,
emphasize engagement and multimodal interaction. Together, these technologies reflect growing
experimentation with Al-driven adaptivity, alongside limited evaluation in authentic classroom contexts.
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Educational outcomes are diverse, as depicted in Table 7; most studies report academic improvement and
conceptual understanding, alongside motivational and affective benefits such as increased engagement and
enjoyment. Self-regulated learning is a recurring behavioral outcome, with evidence of improved goal
setting and reflection. Fewer studies address equity explicitly, though several note benefits for low-
performing or marginalized learners when adaptivity is coupled with teacher support, aligning with
previous literature on educational technology (Hamash et al., 2025; Hamash & Mohamed, 2021).

Table 7

Educational Outcomes Reported Across Studies

Outcome type Description Citations

Academic Improved test scores and conceptual S. Yang et al. (2021); Katz et al.

achievement understanding (2022)

Motivation and Increased learner satisfaction and Al-Malki & Meccawy (2022); Y.

enjoyment engagement Yang et al. (2025)

Self-regulated Enhanced goal setting, reflection, and Leite et al. (2022); Y. Yang et

learning autonomy al. (2025)

Equity and inclusion ~ Support for low-performing and Chellanthara Jose et al. (2024);
marginalized learners Katz et al. (2022)

Opportunities reported across studies emphasize differentiation, agency, and scalability (Table 8). Adaptive
systems enable tailored learning paths informed by diagnostic data and real-time feedback. Gamified and
immersive designs strengthen motivation, particularly in STEM (science, technology, engineering, and
mathematics) and language subjects. A small number of Al-based platforms (e.g., PSALMS), however,
demonstrate automation of remediation, content mapping, and potentially scalable personalization.

Table 8

Opportunities Presented in the Literature

Opportunity Description Citation(s)
Differentiated Tailored learning paths based on Divanji et al. (2023)
instruction diagnostics
Student agency Empowerment through self-paced and Sancenon et al. (2022);
personalized learning Wahyuningsih et al. (2024)
Gamification Use of missions, badges, and leaderboards = Maryono et al. (2025); Saif et al.
to boost engagement (2021)
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Opportunity Description Citation(s)

Scalable deployment LMS and mobile-first platforms enabling Chellanthara Jose et al., (2024);
broad access Lamb et al. (2022)

Real-time adaptivity = Dynamic instructional adjustments based Pardamean et al. (2022); Kim et
on analytics and neurodata al. (2024)

Note. LMS = learning management system.

Despite these benefits, several challenges persist as technical barriers appear (Table 9), including limited
infrastructure and device access, while pedagogical constraints stem from weak teacher training and
overreliance on gamification. Ethical concerns about data privacy, bias, and real-time monitoring also
persist, particularly in neuroadaptive and Al feedback systems. Policy misalignment and insufficient
curricular integration further restrict the systemic adoption of adaptive technologies.

Table 9

Challenges Presented in the Literature

Challenge type Description Citations

Technical constraints Infrastructure gaps, device limitations, and  Saif et al. (2021); Pardamean et

setup costs al. (2022)
Pedagogical Lack of teacher training and overreliance on  Divanji et al. (2023); Maryono
limitations gamification et al. (2025)
Ethical concerns Privacy, bias, and fairness in adaptive Katz et al. (2022); Kim et al.
systems (2024)

Policy misalignment = Inconsistent curricular integration and lack ~ S. Yang et al. (2021); Leite et al.
of formal support (2022)

Beyond these established themes (also illustrated in Figure 2), several emerging directions highlight the
evolving sophistication of adaptive technologies. Studies increasingly frame human—AI collaboration as
central in the sense that teacher roles are emphasized in interpreting analytics and refining system
recommendations (Katz et al., 2022; Leite et al., 2022). LA integration supports data-informed pedagogy
and iterative system improvement (Kim et al., 2024; Lamb et al.,, 2022). Furthermore, cultural and
linguistic adaptation has gained visibility through localized and multilingual design (Al-Malki & Meccawy,
2022; Chellanthara Jose et al., 2024). These trends point to a gradual shift toward inclusivity, transparency,
and sustained pedagogical partnership between humans and AI. Hence, both the promise and fragility of
Al-driven adaptivity in K—12 education is evident; although technological capacity and engagement
outcomes are advancing, long-term success will depend on ethical safeguards, teacher expertise, and the
contextual fit of adaptive systems within diverse learning environments.
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Figure 2

Thematic Map of Analyzed Literature
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To What Extent Is Al Emphasized in the Analyzed Studies? (RQ3)

Al integration in adaptive online learning remains uneven across the reviewed studies. About 67% of studies
positioned Al as the primary engine for personalization, using learner modeling, predictive algorithms, and
recommender systems and often linked to measurable gains in achievement and engagement. Around 24%
treated Al as a secondary feature, embedded in platforms or dashboards, with emphasis on pedagogy rather
than algorithmic detail. The remaining 10% relied on non-Al strategies such as gamification or teacher-led
differentiation, framing adaptivity as a pedagogical challenge. The strongest trend centers on Al-driven
modeling and recommendation systems (e.g., Bidirectional Encoder Representations from Transformers
[BERT]-based mapping, reinforcement learning sequencing), which emphasize algorithmic personalization
as a performance lever. A few Al-related studies stress continued dependence on human-mediated
adaptivity and raise scalability concerns (see Table 10 for detailed coding and examples).
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Al Emphasis in Included Studies (RQ3)
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No. Study AT explicitly Primary role of Al Connection to
mentioned? adaptive/personalized learning
1 Cheah et al. Yes Generative Al for Indirect—supports personalization
(2025) content creation, via teacher practices
grading, admin
support
2 Divanji et al. No Adaptive learning Adaptive systems adjust
(2023) (non-AI) content/feedback; not explicitly Al
driven
3 Hwang et al. Yes Fuzzy expert system Al dynamically adjusts materials
(2020) for cognitive/affective = and feedback
modeling
4 Chellanthara Yes Adaptive learning + AI Al models assess performance and
Jose et al. feedback/assessment engagement in real time
(2024)
5 Lamb et al. Yes ML prediction from Real-time AI predictions enable
(2022) neurocognitive data adaptive pathways
6 Leite et al. No Adaptive learning Personalization via SRL patterns
(2022) (non-AI) and teacher orchestration
7 Liet al. (2025) Yes Conversational Al AT adapts responses and scaffolds
tutor (RICE Algebra algebra learning
bot)
8 Y. Yang et al. No Self-regulation Personalization is student driven
(2025) scaffolds (non-AlI)
9 Poly et al. Yes Fuzzy clustering Al recommends resources based on
(2025) recommender learning style and accessibility
10 Al-Malki & No Gamified Not connected to Al adaptivity
Meccawy recommender (non-Al)
(2022)
11 Sancenon et al. No Adaptive Learner model selects
(2022) recommender (ML topics/difficulty for worksheets
implied)
12 Pardamean et Yes Learning style Al recommends materials matching
al. (2022) prediction (matrix predicted style
factorization)
13 Saif et al. No AR-based adaptive Adaptive via interaction, not Al
(2021) tools (non-Al)
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No. Study AT explicitly Primary role of Al Connection to
mentioned? adaptive/personalized learning

14 Palliyalil & Yes Al-driven Al predicts learning styles and
Mukherjee personalization in recommends content
(2020) Byju’s app

15 Wahyuningsih Yes BERT-based concept Al generates personalized remedial
et al. (2024) mapping and path learning paths

generation

16 Katz et al. Yes Al personalization and Al tailors content exposure and

(2022) recommendation in feedback
Algebra Nation

17 Bhatt et al. Yes Deep learning Al recommends activities using
(2024) recommender implicit/explicit feedback

18 Kim et al. No EEG attention Al mentioned only as potential
(2024) monitoring (AI future application

proposed, not
implemented)

19 Maryono et al. No Adaptive gamified Not connected to Al adaptivity
(2025) system (non-Al)

20 Katz et al. Yes Al personalization and Al adjusts learning paths based on
(2022)— recommendation mastery and engagement
Simulation
study

21 Bhatt et al. Yes Sequence-aware deep Al personalizes activity
(2024)—Deep recommender recommendations
learning
recommender
systems

Note. Al = artificial intelligence; ML = machine learning; SRL = self-regulated learning; AR = augmented reality;
BERT = Bidirectional Encoder Representations from Transformers; EEG = electroencephalogram.

Discussion

Research Methods: Methodological and Theoretical Implications (RQ1)

The dominance of short-term quantitative and experimental designs indicates that evidence of Al-enabled
adaptivity in K—12 online education is shaped largely by what platforms can readily measure rather than by
sustained classroom inquiry (Yim & Su, 2025). This data pattern privileges performance indicators derived
from system logs and tests, limiting insight into instructional practices, learner sensemaking, and longer-
term pedagogical effects.

This methodological concentration reflects a deeper theoretical gap in terms of the limited integration of
constructivist and sociocultural theories of learning into the design and evaluation of adaptive systems. As
a result, the prevalence of experimental and quasi-experimental designs continues to reinforce behaviorist
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assumptions, framing learning primarily as a quantifiable outcome rather than as a dynamic, socially
situated process. Adaptivity, hence, is often framed as a technical optimization of performance metrics
rather than as a vehicle for meaning making or interaction. In line with earlier observations by Martin et al.
(2020) and Shum et al. (2019), such a focus risks the potential reduction of learning to what can be
measured, overlooking affective, social, and contextual dimensions that are essential to authentic pedagogy.

A notable limitation lies in the disconnect between algorithmic modeling and pedagogical theory, as few
studies explain how adaptive mechanisms such as sequencing, feedback loops, or learner modeling derive
from established learning theories. Adaptivity is often justified by technical feasibility rather than
educational reasoning, reinforcing earlier concerns about misalignment among learners and instructional
and content models (Wang et al., 2020). This is highlighted and confirmed by the dominance of vendor-
driven or platform-specific studies, which frame personalization through available system features instead
of pedagogical intent. Algorithmic processes are often described functionally, with emphasis on
performance or usability, leaving instructional logic implicit. From a theoretical perspective, such framing
risks equating technical optimization with educational value, particularly when evaluations are tightly
coupled to proprietary platforms. Hence, clearer theoretical grounding and greater use of qualitative or
mixed-methods designs would allow for stronger claims about how Al shapes learning through interaction,
reflection, and collaboration.

Pedagogical and Equity Dimensions (RQ2)

From pedagogical and equity perspectives, the findings suggest that adaptive systems without sustained
teacher mediation tend to benefit learners who possess strong self-regulation skills and access to
institutional support (Rundquist et al., 2024). Studies reporting more equitable outcomes often situate
adaptive systems within pedagogical practices where teachers interpret analytics, scaffold learner decision-
making, and adjust system use in response to diverse needs. In practice, inclusive design is reflected in how
adaptive tools are used within everyday instructional routines. For example, several studies show that LA
dashboards are most effective when teachers use them to identify misconceptions or disengagement and
then adapt feedback, pacing, or grouping strategies rather than relying on automated recommendations
alone.

Adaptive platforms that combine personalized learning paths with scheduled teacher check-ins and guided
reflection activities similarly appear better suited to supporting self-regulation and persistence than stand-
alone systems. Therefore, professional development, as Boulhrir and Ait Bouch (2025) argue, plays a critical
role, equipping teachers to critically engage with adaptive tools, understand their limitations, and align
system feedback with curricular goals and learner contexts. In the absence of such support, adaptive
technologies risk amplifying existing disparities by privileging learners who are already better positioned,
particularly in the absence of sustained teacher mediation of curriculum implementation and adaptation
(Aguerrebere et al., 2022; Shum et al., 2019).

Conceptual Ambiguity and Al Definitions (RQ3)

The reviewed studies reveal a persistent inconsistency in how Al is defined and operationalized in K—12
online learning research, which complicates the evaluation of classroom applications. To address this issue,
we propose a clearer distinction between Al-enabled adaptivity and rule-based digital personalization. In
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this review, Al refers to systems that infer latent learner states or patterns from data using computational
models that can generalize beyond prespecified rules, such as machine learning, probabilistic modeling, or
adaptive inference mechanisms (Holmes et al., 2023; Luckin et al., 2016). By contrast, rule-based systems
rely on fixed decision logic, scripted pathways, or manually encoded conditions, even when implemented
within digital or adaptive platforms. Conflating these approaches obscures both pedagogical and ethical
analysis, as systems that merely automate predefined responses differ fundamentally from those that
dynamically model learner behavior. Applying a consistent definition clarifies whether reported effects
arise from intelligent adaptation, instructional design choices, or teacher mediation, thereby strengthening
the interpretability and comparability of findings across studies.

This inconsistency in definitions indicates important implications for how Al-enabled learning is evaluated
and interpreted. When studies describe Al without specifying algorithms, data sources, or decision rules, it
becomes impossible to evaluate transparency, ethical integrity, or educational relevance. In some cases,
tools branded as “Al-based” offered little evidence of autonomous learning or intelligent modeling,
highlighting how marketing language can outpace scholarly precision. Case in point, the lack of shared
definitions or reporting standards risks overstating the presence of AI and underestimating the complexity
of its pedagogical integration. When algorithms, adaptation logic, and human oversight were clearly
described, systems supported improved performance as well as better alignment between teacher intention
and machine feedback (Katz et al., 2022; Leite et al., 2022). This is one way transparency can foster trust
and positions Al as a collaborator rather than a black box.

Research Gaps and Future Directions (RQ4)

This review contributes theoretically by consolidating system-level, pedagogical, and evaluative lenses into
a mechanism-aware account of how AL and LA are currently conceptualized in K—12 online education.
Distinguishing signals, models, decisions, and targets clarifies where claims about “Al-enabled” adaptivity
are grounded in learning theory and where they remain primarily technical. Methodologically speaking, for
instance, it advances the field by mapping dominant designs and data practices while making visible the
underuse of longitudinal, mixed, and participatory approaches (Martin et al., 2020; Wang et al., 2020).
These contributions collectively reposition AL research away from isolated performance effects and toward
questions of pedagogical alignment, teacher mediation, and contextual validity.

Conceptual ambiguity continues to hinder progress, as varying definitions of AI and adaptivity reflect
disciplinary fragmentation, with computer science framing it as optimization and education viewing it as
differentiation and inclusion. Without common-ground definitions and terminology, it is difficult to
compare findings or anchor them in defensible learning theories such as constructivism or self-regulation,
especially when research is conducted by specialists from disparate fields who use common terms but attach
different meanings to them.

Methodological narrowness also persists; confirming results from previous studies (Rundquist et al., 2024;
Yim & Su, 2025), few investigations employ design-based, participatory, or longitudinal methods that could
illuminate how adaptivity evolves through human—machine interaction. This may explain why evidence of
sustained gains in agency or collaboration is still limited. Notably, studies conducted in Global South and
non-English-speaking contexts remain underrepresented in the mapped literature, reflecting broader
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structural and linguistic asymmetries in K—12 AI and LA research. Aguerrebere et al. (2022) spotlight this
imbalance and call for globally inclusive research if Al is to ethically serve equity rather than privilege.
Ethical and governance dimensions are equally underdeveloped; few studies explain how privacy, bias, or
transparency are addressed, introducing uncertainty about accountability and fairness in online/virtual
learning environments. We speculate that this reflects insufficient collaboration between educators,
technologists, and ethicists.

This review identifies several implications that clarify priorities for theory, research, and practice in K-12
online and distance learning. At a theoretical level, future work should articulate clearer links between
adaptive mechanisms and defensible models of learning. Greater emphasis is needed on longitudinal and
classroom-embedded designs that examine how adaptivity operates over time and across diverse learner
groups, alongside transparent reporting of algorithmic logic and human oversight. From a practice and
policy development perspective, evidence suggests that adaptive systems are most effective when
implemented with sustained teacher involvement, professional learning, and governance frameworks that
address data use, equity, and accountability. These identified directions indicate that progress in Al-
enabled adaptivity will depend on aligning system design and evaluation with explicit pedagogical models,
transparent decision logic, and sustained teacher involvement.

Conclusion

This scoping review mapped 21 empirical studies on Al-enabled adaptive learning and learning analytics in
K-12 online education published between 2020 and 2025. Synthesizing the identified methodological,
conceptual, and equity-related gaps, three key messages emerge: the need for greater methodological
diversity, clearer conceptual grounding of Al-enabled adaptivity, and more inclusive, context-sensitive
research agendas. Overall, the evidence points to a rapidly expanding but uneven field, marked by
technological innovation alongside persistent conceptual and methodological gaps. As adaptive systems
continue to improve performance, motivation, and self-regulation, their benefits remain unevenly
distributed, with stronger effects observed for students who already have access, resources, and teacher
support.

Three overarching insights emerge, beginning with the need for greater methodological diversity and for
research that integrates quantitative rigor with qualitative insight to illuminate how adaptive systems
interact with pedagogy and context. Second, equity must guide both design and evaluation. Adaptive tools
succeed when teachers and learners actively shape their use, ensuring that personalization aligns with
human judgment and local realities. Third, conceptual clarity is foundational. Without consistent
definitions of what constitutes Al in education, evidence will remain fragmented and difficult to translate
into practice or policy.

In response to the identified gaps, future research should adopt transparent, theory-driven, and mixed-
methods approaches that explicitly connect Al mechanisms to learning principles, classroom practice, and
learner agency. For educators and policymakers, addressing these gaps requires professional learning, data
governance, and ethical oversight to ensure that adaptivity serves inclusion rather than automation. As a
scoping review, this study was limited to English-language, peer-reviewed publications indexed in Scopus
and ScienceDirect (with targeted Google Scholar supplementation) published between 2020 and 2025. The
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future of Al-enabled online learning in K—12 education depends less on the sophistication of algorithms
than on the collective will to embed technology within equitable, pedagogically grounded systems.

Use of Al Tools

Al tools (e.g., Microsoft 365 Copilot) were used during Stage 2 to generate alternative Boolean search strings
and streamline phrasing, and for mechanical editing tasks such as truncating charted entries or sentences
and correcting grammar throughout the body of the manuscript. DiagramGPT was used to create the
PRISMA flow diagram in Figure 1. All substantive coding and interpretive decisions were made by the
researchers.
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