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What is already known about this topic

While personalized approaches have gained prominence in education, their specific application in STEM contexts lacks sys-
tematic evaluation.

Educational technology and data-driven approaches exist separately, but their integration for personalized STEM learning re-
mains underdeveloped.

The effectiveness of Learning Analytics (LA) in creating personalized STEM learning experiences has been theorized but lacks
empirical validation across diverse educational contexts.

What this paper adds

A comprehensive analysis of which Technology-Enhanced Learning (TEL) approaches combined with Learning Analytics (LA)
actually deliver measurable improvements in STEM learning outcomes.

Evidence that self-regulated learning strategies, when embedded within Intelligent Tutoring Systems (ITS), yield consistent
improvements in both performance and engagement metrics.

A practical framework for understanding how different analytics techniques can be matched to specific STEM disciplines and
educational levels.

Implications for practice and policy

K-12 instruction benefits most from ITS with embedded analytics, while Higher Education shows greater gains with immersive
technologies.

Investment in LA infrastructure should prioritize systems that monitor engagement patterns and provide real-time feedback
rather than summative assessment alone.

Educational technologists and curriculum designers should address the current scalability challenges by developing cross-
platform solutions with standardized validation metrics.

Teacher training programs should incorporate LA literacy to help educators implement and interpret data from personalized
learning technologies.

1. Introduction

The growing emphasis on personalized learning in education has been driven by the need to tailor instruction to individual
learners’ strengths, needs, and preferences. In science, technology, engineering, and mathematics (STEM) education, where students
often engage in complex problem-solving and require diverse learning supports, personalization has been identified as a critical factor
in improving engagement, motivation, and academic performance. Technology-Enhanced Learning (TEL) and Learning Analytics (LA)
have emerged as powerful fields in this regard, enabling educators to analyze student data and implement adaptive learning strategies
that support individualized learning experiences (Wong et al., 2023). By leveraging real-time insights, TEL-LA (Technology Enhanced
Learning-Learning Analytics) interventions can facilitate more effective learning pathways, enhance student persistence, and address
disparities in educational outcomes (Li & Wong, 2023).

The integration of LA into instructional practices allows for identifying students’ strengths and weaknesses, real-time feedback, and
personalized learning recommendations (Xu & Ouyang, 2022). Previous studies have shown that TEL-LA approaches, such as
personalized feedback (Khor & Mutthulakshmi, 2023) and adaptive learning (Hilpert et al., 2023), can enhance students’ engagement
(Bond et al., 2023), cognitive skills development (Lim et al., 2021b; Leite et al., 2022), and time management (Iraj et al., 2020). The
increasing role of Al-supported Learning Management Systems (LMS), computer-assisted platforms (Vanacore et al., 2023), and hybrid
human-ATI tutoring platforms (Thomas et al., 2024) further supports the potential for personalization in STEM learning environments.

Despite advancements in TEL-LA, existing research remains fragmented. Many studies focus on isolated aspects of personalized
learning without providing a comprehensive understanding of how TEL-LA interventions function across different educational con-
texts (Li & Wong, 2020). Moreover, while LA has gained traction in education, its application to STEM disciplines has not been sys-
tematically examined with regard to the long-term impact and effectiveness of various intervention strategies (Xu & Ouyang, 2022;
Wong et al., 2023). Therefore, there is a need for a more structured analysis of TEL-LA interventions in STEM education to identify best
practices, challenges, and opportunities for improving student learning experiences through data-driven personalization.

1.1. Personalization in STEM education

Personalized learning has gained significant attention in recent years as a means of tailoring education to individual learners’
needs, strengths, and preferences. However, despite the growing body of research, studies focusing on the application of such practices
in STEM-related disciplines are limited (Li & Wong, 2023; Xu & Ouyang, 2022). Likewise, even though integrating LA practices in
digital learning environments (DLEs) has been widely discussed, empirical evaluations of their effectiveness in STEM education are still
underdeveloped (Wong et al., 2023).

The application of such practices has primarily focused on adaptive learning platforms (ALPs), data-driven instructional practices,
and individualized feedback systems. A systematic review by Li et al. (2020) analyzed 798 articles published between 2000 and 2018
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and found a growing trend in personalized STEM learning (PSL), particularly in Higher Education (HE) settings. The findings
emphasized the increasing reliance on TEL to create customized learning pathways, although they noted that research on PSL at the
K-12 levels remains scarce. A more recent review by Li and Wong (2023) examined 72 studies on PSL (including Arts—-STEAM) ed-
ucation published between 2011 and 2020. The analysis revealed that blended learning environments and LA were the most commonly
used personalization approaches. However, they also identified a critical gap; while many studies explored specific aspects of
personalization, few provided a holistic analysis of how ALP and LA interact to enhance STEM education. Further highlighting the
limitations in existing research, Xie et al. (2019) conducted a systematic review of technology-enhanced adaptive learning from 2007
to 2017. The findings showed the dominance of traditional computing devices in personalized learning, with little attention paid to
emerging technologies such as artificial intelligence, immersive technologies, or data-driven personalization techniques.

1.2. Personalization in learning analytics

Learning Analytics (LA) has emerged as a powerful tool for enhancing personalized learning by leveraging student data to tailor
instruction, provide real-time feedback, and optimize learning outcomes. Wong et al. (2023) reviewed 144 articles on LA and
personalized learning published between 2012 and 2019. The findings indicated that while LA has been increasingly used to
personalize learning experiences, most studies lack empirical validation as they rely primarily on theoretical frameworks and
small-scale interventions.

Li and Wong (2020) also explored the role of LA in personalized learning environments and concluded that LA techniques—such as
data mining, clustering, and predictive modeling—have been used to track student progress and recommend personalized learning
pathways, but few studies have systematically assessed their long-term impact on student engagement and achievement.

Xu and Ouyang (2022) examined LA in adaptive learning and identified several key challenges, including data privacy concerns,
limited scalability of personalization algorithms, and difficulty of integrating LA into traditional instructional practices. As part of the
concluding remarks, the authors suggest that while LA holds promise for personalized education, more research is needed to un-
derstand its effectiveness in diverse learning contexts with special emphasis on STEM disciplines.

1.3. Theoretical and pedagogical foundations of Al-driven learning analytics

The integration of artificial intelligence (AI) into learning analytics (LA) has expanded opportunities to capture and analyze
complex dimensions of learning. Yet, a persistent critique is that many LA interventions lack explicit theoretical grounding and
pedagogical orientation (Ferguson & Clow, 2017; Khalil et al., 2023a). Without clear connections to learning theory, the effects of
Al-driven LA applications on students’ affective, cognitive, and metacognitive development remain inconsistent and fragmented. This
section synthesizes insights from recent reviews and conceptual frameworks to outline how Al-driven and generative Al-based LA
interventions engage with these learning dimensions and how pedagogical design principles and learning theories can guide their
development.

Recent systematic reviews show that most Al-driven LA applications primarily emphasize cognitive engagement, such as analyzing
discourse or tracking task performance (Ouyang & Zhang, 2024). While these tools demonstrate positive effects on participation and
achievement, they often provide limited support for affective and metacognitive processes. Studies using multimodal learning ana-
lytics (MMLA) illustrate the potential to address this gap by capturing emotions, motivation, and regulatory strategies (Noroozi et al.,
2019, 2020). Such work underscores that effective Al-driven LA interventions should move beyond surface-level monitoring to support
learners’ emotional regulation, motivational persistence, and reflective practices, all of which are critical in sustaining engagement in
STEM learning.

Emerging research on generative Al further extends these possibilities. Unlike earlier Al-driven tools that largely provided visu-
alizations or statistical feedback, generative Al systems enable conversational, adaptive, and context-sensitive forms of support. A
systematic review by Misiejuk et al. (2025) shows that generative Al has been used in LA to scaffold reflection, guide self-regulated
learning, and enhance learner agency. For instance, conversational agents powered by large language models can provide personal-
ized prompts, explanations, or emotional support, thereby engaging affective and metacognitive processes more directly than static
dashboards. At the same time, these developments raise concerns regarding transparency, ethical use, and pedagogical alignment,
highlighting the need for generative AI to be embedded within robust learning theories rather than functioning as decontextualized
technical add-ons.

Equally critical are the pedagogical design principles underpinning LA interventions. Feedback is among the most powerful drivers
of learning (Wisniewski et al., 2020), and LA can strengthen feedback practices by making them timely, data-driven, and adaptive.
Banihashem et al. (2022) emphasize that LA can enhance both the formative function of feedback and its role in supporting self- and
co-regulation. Similarly, Mangaroska and Giannakos (2018) highlight the value of analytics-informed learning design, where dash-
boards and orchestration tools provide teachers with actionable insights to scaffold collaborative learning. Yet, as Ouyang and Zhang
(2024) observe, most existing Al-driven LA applications lack explicit design principles, which limits their ability to connect analytics to
meaningful pedagogical goals. Integrating design-based approaches such as scaffolding, mastery learning, and inquiry-based in-
struction is therefore essential for maximizing the educational value of Al-driven LA.

Finally, grounding LA interventions in learning theories provides a foundation for ensuring that their effects align with broader
educational goals. Theories of self-regulated learning (Zimmerman, 2000), self-determination (Ryan & Deci, 2000), and socially
shared regulation of learning (Jarvela et al., 2016) offer robust frameworks for understanding how learners plan, monitor, and reflect
on their learning, individually and in groups. Khalil et al. (2023a) show that these theories are underutilized in LA research, despite
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their potential to guide the design of interventions that foster autonomy, motivation, and reflection. Generative AI’s ability to deliver
adaptive, dialogic feedback can be explicitly connected to these theories, supporting not only cognitive performance but also affective
resilience and metacognitive growth. In this way, aligning Al-driven LA with established pedagogical principles and theories ensures
that interventions address affective, cognitive, and metacognitive outcomes in a coherent and holistic manner.

1.4. Motivation and contribution of the current study

Despite the increasing attention to personalized and adaptive learning, several key gaps persist in the literature. First, while
personalized learning has been widely studied in general education, research specifically targeting STEM learners remains limited (Li
& Wong, 2023; Xu et al., 2022). Many reviews have examined adaptive learning broadly without distinguishing between STEM and
non-STEM disciplines. Additionally, reviews exploring personalized learning in STEM tend to focus primarily on HE, overlooking its
applicability in K-12 settings (Du Plooy et al., 2024; Khor & Mutthulakshmi, 2023).

Another limitation is the lack of empirical studies evaluating the impact of personalized learning technologies on student learning
outcomes. For instance, Khor & Mutthulakshmi, 2023 examined the role of data and methods in personalizing adaptive learning but
did not investigate how specific technologies influence student performance. Other studies have been confined to narrow disciplinary
contexts such as computer science (Barbosa et al., 2024) and social sciences (del Pilar Gonzalez & Chiappe, 2024), limiting their
generalizability to STEM education. Furthermore, some reviews have failed to include the most recent literature (Munoz et al., 2022;
Martin et al., 2020; Xu & Ouyang, 2022), and few have systematically analyzed intervention studies measuring learning outcomes (Xu
& Ouyang, 2022; Wong et al., 2023).

A notable scoping review from 1998 to 2019 by Sdinz et al. (2022) examined STEM intervention studies but focused solely on
gender participation. This leaves an important gap regarding how PSL has evolved in recent years, particularly with advancements in
LA practices and ALPs. Other studies (e.g., Larrabee Sgnderlund et al., 2019; van Haastrecht et al., 2024) have assessed the effec-
tiveness of LA interventions, but questions remain about how these interventions can be integrated into existing educational practices
to provide data-driven support for PSL. There is also a lack of research synthesizing collective practices that could enhance person-
alization efforts across STEM education.

While the field of PSL has begun to attract scholarly attention, significant gaps remain in our understanding of how TEL-LA in-
terventions can effectively support personalized educational experiences. The current literature lacks a comprehensive synthesis of
recent empirical studies that systematically evaluate the implementation and effectiveness of such interventions. Such a research gap is
particularly concerning given the rapid technological advancements and the increasing emphasis on data-driven educational practices
in STEM disciplines.

In the context of STEM education, the distinction between "personalized learning" and "adaptive learning" embodies both con-
ceptual and operational differences, which merits critical examination. Personalized learning encourages learner autonomy and self-
directed learning, often rooted in a constructivist framework that prioritizes the learner’s agency in their educational journey (Peng
et al., 2019). In contrast, adaptive learning relies on algorithmic adjustments to the learning experience based on real-time perfor-
mance data, aiming to optimize engagement and efficiency through a system-driven approach that may sometimes overshadow in-
dividual learner agency (Ezzaim et al., 2024). The review is thereby guided by a conceptual framework that examines questions of
control and agency in TEL-LA environments. In greater detail, we conceptualize agency as learners’ capacity to make meaningful
choices about their learning paths, while control refers to the distribution of decision-making power between learners, educators, and
algorithmic systems. The framework helps to understand how different TEL-LA interventions balance automated personalization with
learner autonomy and how various stakeholders exercise control over the learning processes.

To address these limitations, we contend that a thorough investigation of intervention-oriented empirical studies from 2020 to
2024 is essential. Such an analysis would unveil the critical characteristics of TEL-LA interventions, including the technologies
employed, methodological approaches, learning strategies, and their measurable impact on student learning outcomes across diverse
educational contexts. By synthesizing these findings, the present study aims to enhance understanding of TEL-LA interventional
practices for PSL and demonstrate how personalized learning experiences could be implemented in STEM education. Guided by this
objective, the following Research Questions (RQs) are formulated:

RQ1: What are the key characteristics of TEL-LA interventions in PSL?

A systematic understanding of the technological, pedagogical, and analytical characteristics of TEL-LA interventions is necessary
because these design elements determine how personalization is enacted in practice. Prior reviews have shown that research in
personalized STEM learning is fragmented, often examining technologies or analytics methods in isolation without connecting them to
broader learning theories or frameworks (Li & Wong, 2020, 2023; Xie et al., 2019). By mapping intervention characteristics, this study
situates TEL-LA practices within established theoretical perspectives such as self-regulated learning (SRL), metacognition, and learner
agency, which highlight how adaptive technologies can scaffold meaningful learning pathways (Molenaar et al., 2021; Wong et al.,
2023). Understanding these features also informs how personalization aligns with the goals of precision education (PE), where de-
cisions about learning pathways are optimized through data-driven and contextually sensitive design (Qushem et al., 2021).

RQ2: What are the key impact areas and learning outcomes associated with TEL-LA interventions in PSL?

This question is grounded in the recognition that learning analytics must demonstrate measurable improvements in learning, rather
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than assume impact. Ferguson and Clow (2017) argue that the central test for LA is whether it improves learning and teaching in
practice, yet the evidence base remains limited and often methodologically weak. More recent systematic reviews of LA dashboards
further highlight that while some interventions show promise for increasing participation or motivation, their effects on achievement
are often negligible or modest, raising questions about the extent to which LA has lived up to its promise (Kaliisa et al., 2024).
Examining impact across domains such as achievement, engagement, motivation, and cognition provides a way to connect TEL-LA
interventions to broader educational goals, including equity and student agency. This focus on impact is therefore crucial to move
beyond the hype of technology and establish a clearer evidence base for how TEL-LA contributes to STEM learning outcomes.

RQ3: What are the challenges and limitations in implementing TEL-LA interventions for PSL?

Identifying challenges and limitations is theoretically important because the success of TEL-LA depends not only on design but also
on contextual and methodological constraints. Ferguson and Clow (2017) emphasize that issues of validity, reliability, generalizability,
and ethics remain underexplored in LA, which limits the credibility and transferability of findings. At the same time, questions of
control and agency—how decision-making is distributed between learners, educators, and algorithms—frame key challenges in
implementing personalized learning environments (Wong et al., 2023). Without attending to these issues, TEL-LA interventions risk
perpetuating inequities or failing to scale beyond narrow contexts. By systematically analyzing the reported barriers, this study aims to
highlight the structural, methodological, and ethical considerations necessary for ensuring that TEL-LA interventions can deliver
sustainable and equitable impact in STEM education.

2. Methodology

The research study was carried out using the scoping review methodology presented by Arksey and O’Malley (2005). The study was
structured to investigate the key interventions supported by TEL-LA intervention practices in STEM education, covering K-12 to higher
education (HE) settings. Scoping reviews are appropriate for evaluating the extent of literature on a topic, where more research should
be undertaken, and how research on a topic is carried out (Khalil et al., 2021; Pollock et al., 2021). As a result, the scoping review
seems most justified for this study’s objectives. As part of the review process, the following steps were considered: (1) search strategy
and query design; (2) selection of relevant studies; and (3) data extraction, analysis, and synthesis.

2.1. Search strategy and query design

To identify relevant studies, we developed a structured search strategy incorporating specific terminology related to our research
focus and targeting scholarly databases with strong coverage in educational technology. The search parameters were designed to
capture the intersection of personalized learning approaches and STEM education within recent empirical literature. An important step
of query design is the identification process of determining the right keywords and, to some extent, refining the keywords to locate the
right resources. As the study seeks to explore technologies that are utilized for learning purposes and have prompted the provision of
environments, a broad yet similar meaning of words capturing EdTech platforms was chosen. In addition, although the study aimed to
search for STEM-related studies, query design has given priority to ‘STEM Education’ or ‘STEM Learning’ over the words of STEM,
which may divert finding the resources covering studies that solely highlight how STEM education is being taught or different ap-
proaches played out during the students’ learning. Following the establishment of the search parameters, search queries were applied
to articles, keywords, and abstracts in various configurations according to each database structure. The search query was based on the
following keyword combinations: (“Learning Environment” OR “Learning Intervention” OR “Education* Technology” OR “Learning*
Technology™) AND (“Learning Analytics™) AND (“Science” OR “Technology” OR “Engineering” OR “Math*” OR “STEM* education” OR
“STEM* learning”).

The literature search was conducted using three major academic databases: Web of Science, Scopus, and ACM. The first two da-
tabases are widely recognized in the production of SLRs and are valued for their advanced search capabilities and reliability in yielding
consistent results, including peer-reviewed works related to STEM educational research (Klokocka, 2025). Consequently, ACM is also a
well-known database for technical and scientific magazines and materials. Since the LAK conference proceedings are indexed in ACM,
it is likely to be a significant outlet for covering many related issues in learning analytics as well as learning interventions. Following

Table 1
The inclusion and exclusion criteria.

Inclusion

Exclusion

Empirical and experimental studies

Published between 2020 and 2024

Full texts are freely available and written in English.

Studies in the domain of STEM

Studies of interventional design or falling under the category of having some
interventional effects in STEM-related education using learning platforms
and LA practices.

The targeted population includes primary, secondary, and higher education
(K-12-HE).

Non-empirical and non-experimental studies

Published before 2020 and after 2024

Not freely accessible and written in other languages than English.

Studies in non-STEM fields.

Studies that were referred to utilize learning platforms and LA but did not have
a proper interventional setup (e.g., controlled environment, randomized control
trial, pre-post assessment, or experimental or directed intervention).

Does not specify or belong to any population group between K-12 and HE.
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the database search, a total of 1769 publications were yielded from the 3 databases that matched at least one of our search criteria.

2.2. Selection process

Our selection process, particularly filtering the relevant studies, has two parts: screening and eligibility, which were conducted
according to the PRISMA guideline (Page et al., 2021). One of the important steps of this process is to ensure establishing the screening
criteria for studies to be selected or excluded. All necessary criteria that guided the selection process can be read in Table 1. Prior to the
screening phase, a total of 1287 studies were removed due to duplication, title, and availability. During the initial screening, identified
studies were further checked against 1st criteria, particularly by type of study design, i.e., empirical and experimental. As review
studies investigating interventional study designs should be grounded in empirical and experimental research, this approach has been

Identification of studies via databases and registers

_5 Records identified through Records removed before
"g' database searching: screening:
&= Web of Science (n = 293) > Records marked as ineligible
= Scopus (n = 468) by Duplication, Title,
S ACM (n= 1013) Availability (n = 1287)
{ ) "
Records screened Records excluded
——>
(n = 487) (n=65)
\ 4
Studies sought for retrieval Repor‘ts not retrieved
= (n=422) ' (n = 236)
'c
(<]
5
b A4
Studies assessed for eligibility Reports excluded:
(n = 186) Scope limitations (n =82)
Target populations (n= 28)
Non-intervention (n = 20)
Effect measurement in STEM
learning (n = 25)
N—/

Studies included in review
(n=231)

Fig. 1. PRISMA flow diagram (Page et al., 2021).
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recommended by previous works (Nolan et al., 2025; Pasion et al., 2019). Based on the 1st and 2nd criteria, the remaining studies (n =
487) underwent screening to match with the study design and timeframe, which yielded 65 entries. The remaining articles (n = 422)
were then further screened for relevance following the 3rd and 4th criteria, eliminating 236 articles due to language types other than
English and lack of description concerning STEM learning and education. This screening stage yielded 186 eligible full-text articles for
detailed assessment.

The last step in the selection process includes a more in-depth assessment to choose the eligibility of studies. During the final
evaluation, two researchers assessed each article (full text) and ensured whether the studies were suitable and relevant for data
extraction and further analysis. Researchers in this phase eliminated 155 articles due to the limited scope of incorporation of TEL-LA
practices (n = 82), inappropriate target populations (n = 28), non-interventional methodologies (n = 20), and lack of intervention
effect measurements (n = 25) according to the 4th and 5th criteria. The final corpus comprised 31 interventional studies that met all
inclusion criteria (Fig. 1). To ensure methodological rigor, we included only true or quasi-experimental studies, randomized controlled
trials, or investigations employing pre-test and post-test measurements (Aggarwal & Ranganathan, 2019).

2.3. Data extraction, analysis, and synthesis

Following the recommendations by Arksey and O’Malley (2005), we proceeded with data extraction, analysis, and synthesis. All
selected articles initially stored in our repository were organized based on key information: title, year, domain, technology, inter-
vention characteristics, study focus, and educational context. After verifying the initial metadata and annotations, we extracted the
final corpus and all relevant information into an Excel file. It is publicly available on the Zenodo platform (Bin Qushem, 2025). The
dataset of collected literatures was cleaned and used for information extraction and subsequent analysis using the coding framework
outlined in Table 2. During the initial analysis stage, we restructured the extracted data to align with our research questions; these
codes were crucial for locating relevant information and categorizing data throughout our analysis and synthesis process. Two re-
searchers participated in this phase: one responsible for data extraction and another as a reviewer. The research team was involved
from pre-screening through synthesis, particularly in resolving disagreements until consensus was achieved.

3. Results
3.1. Characteristics of TEL-LA intervention in PSL

PSL has been a growing field of research, as Fig. 2 illustrates. There were only 3 studies reported in 2020. However, that number
started to experience a substantial increase in the following years, reaching 9 articles by 2021.

Most interventional studies were conducted in HE (n = 21), and the remaining (n = 10) were in K-12. Concerning the geographical
distribution (Fig. 3), nearly half of the studies are from the USA (n = 14), followed by Australia (n = 5) and the Netherlands (n = 2). The
remaining studies include a mixture of cross-country activities (n = 2). Other countries with one study each were Canada, China,
Germany, Mexico, Norway, Taiwan, and the UAE. Interestingly, the sample size of the learners in the included studies varied greatly
(min = 29, max = 18,925). Following Slavin and Smith (2009), studies with fewer than 100 students were categorized as ‘small,” those
with 100-250 students as ‘medium,” and those exceeding 250 students as ‘large.” The included studies consisted primarily of
small-scale interventions (n = 19) (Lo & Tsai, 2022; Molenaar et al., 2021; Moltudal et al., 2020; Salehian Kia et al., 2021; Schiitt et al.,
2024; Suarez-Warden et al., 2023), followed by medium-sized samples (n = 6) (Carpenter et al., 2021; Choi et al., 2023; Cogliano et al.,
2022; Glinther, 2021; Hilpert et al., 2023; Iraj et al., 2020) and large sample studies (n = 6) (Cho et al., 2024; Cloude et al., 2024;
Demszky et al., 2024; Fan et al., 2021; Garbers et al., 2023; Gurung et al., 2024; Gyamfi et al., 2022; Lang et al., 2020; Leite et al., 2022;
Lim et al., 2021a, 2021b; Qushem et al., 2022; Tempelaar et al., 2021; Thomas et al., 2024; Vanacore et al., 2023; Wang et al., 2024a;
Yeckehzaare et al., 2022; Zambrano & Baker, 2024; Zhang et al., 2022). intervention-related studies have mostly covered mathematics
(n = 12) and science-based (n = 8) disciplines, although we noticed that, in some studies, student groups or participant groups had
been part of cross- and/or inter-related disciplines, including Computer Science, Information Systems, and Data Science. There have
also been some exceptions, including one interventional study where the participants studied ‘math and statistics’ and belonged to the
business and economics program (HE). The main research design approach in common is quasi-experimental (n = 22), followed by
randomized control trials (n = 7) and true experimental (n = 2).

Among the studies, various learning theories provided foundations for investigating learner behavior (Fig. 4). Self-regulated
Learning (SRL) emerged as a key theoretical framework, appearing in studies across computer science (n = 2) (Cloude et al., 2024;

Table 2
The coding framework.
RQs Coding category Codes
RQ1 Characteristics of the TEL-LA intervention in Publication; Education Level; Population, Country; Domain; Learning theories; Learning technologies;
PSL Learning Analytics techniques; Learning strategies.

RQ2 Distribution of Learning Impact and Learning Impact areas; Learning outcomes (e.g., achievement, performance, and motivation).
Outcomes in PSL
RQ3 Challenges and Limitations Personalization Issues; Data Issues; Methodological issues.
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TEL-LA Intervention Studies for PSL

9
8
7
I 6

2020 2021 2022 2023 2024

10

Number of Articles
wv

Year of Publications

Fig. 2. Publication’s trend in TEL-LA interventions for PSL.

Country's Participation across Educatoinal Settings
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Fan et al., 2021), mathematics (n = 1) (Molenaar et al., 2021), and science (n = 2) (Cogliano et al., 2022; Hilpert et al., 2023). One
study (Giinther, 2021) applied both social comparison and social norms theories to contrast the positive and negative effects of such
practices on student behavior, while another study (Vanacore et al., 2023) explored how students’ motivation and behavior were
influenced by explicitly adopting the social comparison model. Other theoretical frameworks included the Cognitive Theory (n = 1),
which aimed at enhancing learning effectiveness (Lo & Tsai, 2022), the Goal Complex Theory (n = 1) which was used to examine the
interplay between achievement goals (Choi et al., 2023), Planned Behavior Theory (n = 1), which shaped individual planning stra-
tegies towards goal-directed actions (Cho et al., 2024). Other key theories were the Self-determination Theory (n = 2) (Moltudal et al.,
20205 Schiitt et al., 2024), the Metacognition Theory (n = 2) (Lim et al., 2021a; Vanacore et al., 2023), and the Desirable Difficulties



U. Bin Qushem et al. International Journal of Educational Research 134 (2025) 102827

Learning Theories in TEL-LA Intreventions

Achievement Emotions Theory
Cognitive Theory
Control-value Theory
Desirable Difficulties Theory
Economic Theory

Fluency Development theory
Goal Complex Theory

Graph Theory

Grounded Theory

Growth Mindset Theory
Item Response Theory
Metacognition Theory

Number Theory

IHHHHIHIHIIHIH

Planned Behavior Theory

Self-determination Theory

|N
[y

Self-regulated Learning Theory
Social Comparison Theory
Social Norms Theory

System and Control Theory

B, R B e

Zone of Proximal Development Theory

o
-

2 3 4 5 6

B Computer Science ® Environmental Science Information System Math ® Science

Fig. 4. Learning theories among TEL-LA intervention studies for PSL.
Theory (n = 1) (Yeckehzaare et al., 2022).

3.1.1. Technology platforms, analytics techniques and learning strategies

Researchers conducted interventions and ran experiments in pursuit of achieving PSL. That opened possibilities when different
adaptive practices were integrated to create adaptive and data-informed educational experiences. Various technologies, analytics
techniques, and learning strategies played important roles in shaping PSL. Table 3 presents descriptive findings on intervention
practices, showing how technologies across different categories contributed to PSL, how analytical techniques were utilized to evaluate
student learning traces from performance to outcome, and how learning strategies were considered by teachers or researchers to

Table 3
Summary of technologies, techniques, and strategies within TEL-LA intervention in PSL.

Intervention Practices Categories Number of Studies

Technology Platforms Digital Learning Environments 21
Adaptive Learning Platforms
Technology-mediated Learning Environments
Analytics Techniques Inferential Analyses
Statistical Analyses
Machine Learning
Descriptive Analyses
Predictive Analyses
Casual Analysis
Statistical Modelling
Decision-based Analysis
Learning Strategies Self-regulated and Metacognitive Learning
Feedback-based Learning
Motivation and Behavioral Strategies
Problem-based Learning
Personalized Learning
Mastery-based Learning
Practice-based Learning
Game-based Learning
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support learning enhancement. Looking at the granularity of the table for specific practices, it seems to have disparity in findings and
approaches. For instance, a variety of terms were used to describe TEL environments in terms of the technology platforms, prompting
their classification into three distinct technology categories: 1) Adaptive Learning Platforms (ALPs), 2) Digital Learning Environments
(DLEs), and 3) Technology-mediated Learning Environments (TMLEs). The scope of intervention practices in LA has broadened
significantly and utilized a wide range of methodologies beyond mere statistical analysis. That is reflected in the category representing
all different forms of analytics techniques being grouped together. In addition, a number of studies were found to be focused on
different learning strategies that are instrumental to its interventional impact or learning outcome through TEL-LA practices.

Among the reviewed studies, the Digital Learning Environments (DLEs) made up more than half of the technology platforms (55 %),
which serve as crucial infrastructure for delivering and testing impactful pedagogical innovations. The most frequently used tech-
nologies among those DLEs were MOOC (n = 3) and Canvas (n = 3) due to their productiveness hinging on careful and intentional
instructional design. For instance, a digital training module focused on SRL skills has been shown to substantially close predicted
achievement gaps for university students (Cogliano et al., 2022). Other intervention studies incorporated with these DLEs are also
supported by strategies like behavioral nudges (Garbers et al., 2023), metacognitive ability (Salehian Kia et al., 2021), problem-solving
(Wang et al., 2024a), and personalized feedback (Cho et al., 2024).

In addition to DLEs, Adaptive Learning Platforms have been utilized to provide personalized and adaptive learning experiences.
Interestingly, the most frequent technology in ALP’s category was ASSISTments (n = 3), an Intelligent Tutoring System (ITS). The ALPs
used for K-12 math intervention, such as those investigated within the ASSISTments ecosystem, were highly advanced yet scalable
platforms focused on mastery-based learning activities for middle school students (Vanacore et al., 2023; Zambrano & Baker, 2024;
Gurung et al., 2024). This platform is equipped with features like robust data capture and algorithmic modelling, detailed logging of
interaction data for estimating student knowledge, and employment of machine learning models for detecting non-cognitive states like
confusion, concentration, and gaming the system (Zambrano & Baker, 2024).

Moving beyond DLEs and ALPs, Virtual Reality (n = 2), a Technology-mediated Learning Environment (TMLE), is increasingly
integrated with data analytics (DA) to enhance visualization, collaboration, and learning for complex tasks in fields like design and
engineering (Suarez-Warden et al., 2023; Lo & Tsai, 2022). These immersive technologies allow researchers to explore the dynamics of
shared control and spatial arrangement, demonstrating that collaborative use can improve problem-solving efficiency and learning
outcomes (Chen et al., 2021)

Moreover, the LA methods employed in intervention studies range from basic statistical modeling to more dynamic analytical
techniques capable of uncovering the complex processes and psychological constructs. Most studies employed a mix of quantitative
and qualitative analysis methods. Approximately one-quarter of them involved statistical analyses (25 %), while another quarter used
inferential analyses (25 %). Among the inferential analyses, regression analysis (n = 5) emerged as particularly distinctive compared to
other similar approaches and was utilized highly in analyzing K-12's math learning outcomes. For instance, student-perceived trust
measurement, feedback understanding, and actionable intelligence were analyzed through regression analysis in a data-driven
intervention (Iraj et al., 2020). Consequently, statistical analysis was used for dissecting and quantifying crucial metacognitive fac-
tors and biases. For example, in a Codio-based intervention study, a statistical analysis was undertaken to comparatively assess
confidence judgments (placement) against performance data, demonstrating a reversal of the hard-easy effect in programming
learning underlying a complex and critical relationship between metacognitive monitoring accuracy and academic outcome (Cloude
et al., 2024).

Besides, learning assessments in the remaining 50 % of interventions, excluding the first two quarters, were observed employing a
set of techniques like machine learning and descriptive analyses, including exploratory data analysis (n = 4), clustering analysis (n =
3), and Bayesian Knowledge Tracing or BKT (n = 2). Considering analytics approaches in machine learning, which largely focused on
predictive modeling based on aggregate institutional and platform data, often resulted in findings limited to the descriptive function of
LA (Tempelaar et al., 2021). In addition, several studies have reported employing techniques capable of capturing the temporal and
sequential nature of learning. For instance, dynamic methods like ‘moment-by-moment learning curves’ built upon BKT produced
crucial insights into how students regulate their accuracy during learning within ALTs over time, which is necessary for understanding
hybrid human-system regulation (Molenaar et al., 2021). Similarly, a complex approach like ‘standardized treatment effects’ in
confirmatory analysis was applied to a large-scale MOOC experimental dataset, determining that modifications to content presenta-
tion, such as increasing video playback speed, effectively reduced the perceived temporal cost of the course, leading to higher rates of
persistence and completion (Lang et al., 2020).

3.2. Impact of TEL-LA intervention on learning outcomes

3.2.1. Positive effects on learning outcomes

The majority of the studies (n = 20) reported to have a positive impact on learning performance (n = 9) as well as learner
engagement (n = 6). The aforementioned findings are confirmed by post-intervention tests that examined performance (Leite et al.,
2022), higher final course grades (Lim et al., 2021b; Suarez-Warden et al., 2023), course completion rates (Cho et al., 2024), weekly
passed lessons (Thomas et al., 2024), unit exams and final exams (Cogliano et al., 2022), increased competence (Moltudal et al., 2020),
and increased likelihood of solving problems correctly (Vanacore et al., 2023). Although one study (Garbers et al., 2023) did mention
the impact of utilizing nudges to improve student engagement and learning outcomes in completing assignments, that was not as
significant as seen on student engagement.

Among the studies reporting improved engagement, several showed specific measurable outcomes. Two studies demonstrated
increased regularity of interaction with learning resources (Hilpert et al., 2023; Lo & Tsai, 2022), while another study using a ’Call to
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Action’ approach—where students received feedback messages requiring response—resulted in enhanced accountability. Personalized
support interventions, integrating social norms-based feedback, also yielded positive results, reporting an increase in online active
learning time by 25.4 % (Giinther, 2021), whereas hybrid human-AI tutoring extended student practice time (Thomas et al., 2024).
Furthermore, social presence and social identity were also found to be key drivers of substantially higher engagement when combined
with personalized learning strategies (Garbers et al., 2023). Finally, SRL strategies embedded in e-books were also found to have
enhanced student engagement (Iraj et al., 2020).

Beyond engagement, several studies revealed impact across various learning domains, including learning behavior (n = 3),
cognition (n = 3), motivation (n = 2). Vanacore et al. (2023) found that help-seeking behaviors, such as accessing instructor-provided
hints, positively influenced student performance, whereas two other studies demonstrated improved learning behavior through
different approaches. Lim et al. (2021b) reported increased use of intensive high engagement strategies following LA-based feedback,
while Lang et al. (2020) observed that students who adjusted video playback speed to 1.25x saved time while consuming more
educational content. Regarding motivation, Wang et al. (2024a) explored how varying levels of student motivation influenced
engagement in physics problem-solving tasks that utilized crowdsourced simulations. The findings indicated that the intervention
group performed comparably to university students, with incorrect responses from the university group demonstrating low intrinsic
motivation.

Cognitive improvements manifested in several ways across three studies. Gyamfi et al. (2022) noted enhanced quality judgment in
students reviewing learning resources when using rubrics during assessment. Cho et al. (2024) found that students who applied
planning tactics in their online course writing responses reported more structured learning experiences and better progress tracking.
Meanwhile, Carpenter et al. (2021) discovered that students with higher reflection depth scores demonstrated greater learning effects
when engaging with science-based content.

A subset of studies revealed multifaceted impact on student learning during interventions. Tempelaar et al. (2021) implemented LA
for student profiling, which yielded benefits across multiple dimensions, including improved predictive capabilities, enhanced
observation of learning patterns, more actionable feedback, better identification of at-risk students, more tailored interventions, and
deeper student understanding. In a different approach, Lo and Tsai (2022) demonstrated that VR-based classroom environments
enhanced flow experiences, provided richer learning interactions, increased learners’ self-efficacy, and led to higher participation
levels. Another research team explored long-term indicators affecting both student engagement and STEM career trajectories,
concluding that mastery of fundamental mathematical concepts—particularly when accompanied by specific affective states such as
productive confusion or focused engagement—influenced long-term educational outcomes. Zambrano and Baker (2024) took a
different angle, focusing on how TalkMeter feature in CueMath functioned as both a motivational catalyst and feedback tool as a means
of enhancing instructional effectiveness by promoting active learning and increasing student verbal participation.

3.2.2. Variation and complexity in learning outcomes

A total of 12 studies reported on mixed learning outcomes, underscoring the complexity of different learning interventions in
dealing with individual differences and learning contexts in various areas, such as performance, behavior, engagement, motivation,
cognition, and emotion. Among these areas, studies reported that students across educational settings had reported to have varied
learning outcomes on performance (n = 8), behavior (n = 4), cognition (n = 2), engagement (n = 2), motivation (n = 1), and emotion (n
= 1). However, it is important to note that few studies had one effect over another, driving students’ learning outcomes. For instance, a
student’s behavior, like procrastination in study sessions, has a major influence on student exam performance (Yeckehzaare et al.,
2022). Similarly, different practice behaviors and difficulty adjustments in an ALP influenced student learning gains or performance
differently (Schiitt et al., 2024). There has been one exceptional case reported where excessive practice led to a decline in performance
because deliberate practice went beyond optimal (Qushem et al., 2022). On the other hand, it is common knowledge that an increase in
student engagement has a substantial connection to student motivation and learning goals; however, that was not the case in Choi et al.
(2023), who found a discrepancy between self-reported motivation and actual behavior. Regarding cognition, student perceptions
(higher knowledge level) and learning curve patterns can vary based on a task’s perceived difficulty level, which is associated with
varied learning outcomes such as higher or lower post-test scores (Molenaar et al., 2021) and metacognitive accuracy or inaccuracy in
doing home assignments (Cloude et al., 2024).

Nevertheless, while we also perceived different positive improvements or outcomes reported among the studies, there have been
contradictory or varied outcomes as well, whereby some groups did not have expected improvement but rather decreased either
learning, performing, or engagement. For instance, an ALT-based intervention has helped learning mathematics, though some pupils
expressed resistance toward the adaptive learning technology and did not feel a particular platform was able to meet their demand.
Thus, their perceived learning was decreased (Moltudal et al., 2020), regardless of finding evidence of increasing student motivation
for 15 min of math homework every day. Moreover, one study described that digital learning environment-based tutoring intervention
without math teacher support was not effective across educational contexts, particularly for students with higher grade levels
compared with lower grades, and had slowed student progress until more accessibility with human-AI combined tutoring was given to
them (Thomas et al., 2024). In addition, selection of problem type based on student prior math ability was seen influencing learning
outcomes such that higher-performing students found it effective on fill-in problems, while lower-performing learners showed smaller
or even negative effects (Gurung et al., 2024).
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3.3. Challenges and limitations in PSL interventions

3.3.1. Personalization barriers

A total of 7 studies reported encountering challenges and limitations in providing PSL when it comes to identifying an individual’s
experience and opinion (n = 1), learning time (n = 1), learning effect and behavior, demographics (n = 2), achievement goal (n = 1),
and level of content and support (n = 1). While studies utilized various technologies and tools in support of personalization, some
studies raised concerns about the use of some tools in certain areas, such as capturing learning goals with a survey that might not be
inclusive all the time, provided that it seems to have uncovered discrepancies between self-reported goals and how the student actually
behaves during intervention (Choi et al., 2023); measuring student practicing and learning time in a feedback-oriented system did not
reflect the effective time they spent on reading learning materials (Giinther, 2021). Two studies acknowledged challenges in identi-
fying additional support for learners (Molenaar et al., 2021) and in preserving learners’ complex yet diverse experiences and opinions.
The challenges are limited in ensuring more personalized support, which might have been different in outcomes if students’
self-regulations with different educational levels were identified over time; in another case, use of a step-by-step deductive or inductive
approach based on precision. Consequently, studies that did not consider paying attention to demographics (Gurung et al., 2024; Lim
et al., 2021a) and an individual’s learning characteristics (Lim et al., 2021a) as well as various perspectives of learning behaviors
(Vanacore et al., 2023) faced challenges in understanding learners or ensuring personalized support.

3.3.2. Methodological constraints

Over 7 studies described several forms of methodological challenges and limitations expanded from data acquisition to data
analysis: 1) absence of random assignment (n = 1), 2) limited content areas (n = 1), 3) limited learning approach (n = 1), 4) space
constraints on instrument (n = 1), 5) inaccurate measurement (n = 1), 6) qualitative investigation (n = 1), and 7) quantitative
investigation (n = 1). Though field-wise, there are standard practices in conducting interventions, some of the challenges or limitations
mentioned seem to have serious impacts or biases in interpreting learning outcomes or results. One key methodological limitation to
have in a study is the possibility of having biases, such as selection bias (Thomas et al., 2024) and social desirability bias (Yeckehzaare
etal., 2022). For instance, the study (Thomas et al., 2024) utilized 3 different platforms in teaching math, which was a potential threat
to implementation fidelity, as different features with different tools may lead to varied learning experiences, which was harder to
determine in classroom-based field studies compared to post-school program settings. Similarly, the study (Yeckehzaare et al., 2022),
yet in a general context, emphasized concerns about inaccurate measurement over the use of the Procrastination Assessment
Scale-Students (PASS). Although it is common practice in this field and poses the risk of social desirability bias, the study, however,
utilized semester-level procrastination for a safe measurement. There were also limitations reported in conducting experiments due to
limited content areas prompting the replication of other content areas across different subjects (Gurung et al., 2024), space constraints
in writing the description of survey scales (Tempelaar et al., 2021), and a limited approach (only interaction-dominant) in capturing
student engagement (Hilpert et al., 2023). Other key methodological limitations were identified, including quantitative investigations
as a result of loss of information or erroneous statistics in certain problems (Suarez-Warden et al., 2023) and qualitative content
analysis as lacking in detailed discussion in developing precise and generalizable coding schemes (Cho et al., 2024).

3.3.3. Data quality and validity issues

Data issues are crucial, and addressing these challenges is essential for ensuring a study with a robust methodology and a well-
personalized process. While this process requires careful attention, studies have highlighted certain challenges and limitations that
warrant further consideration. Despite the issues related to data analysis and data collection described under the methodological
challenges, we shared other open data issues observed in seven studies (n = 7). One of the key issues is generalizability (n = 2), which is
a barrier in generalizing the findings to broader contexts if the study’s experiment or intervention was designed with a single learning
system and over a certain period (Leite et al., 2022; Zambrano & Baker, 2024). Sample size and missing data (n = 4) were also reported
to be another significant limitation in executing successful intervention and learning assessment, which was reflected by the reduction
of sample datasets due to missing pre-post test data (Carpenter et al., 2021; Choi et al., 2023; Hilpert et al., 2023), while also checking
significant differences among variables through the chi-squared test and the Fisher’s exact test due to the small sample size (Schiitt
et al., 2024). Lastly, it is also a negative aspect; if used, the learning environment or particularly the LMS’s trace data (n = 1) are
questionable over quality (Fan et al., 2021).

4. Discussion

The present study expands the corpus of knowledge on how TEL-LA interventions are determining the learning outcomes and
measuring the learning impact across education contexts. While there has been plenty of research on the topics of personalized
learning, STEM research, TEL, and LA, very few studies have examined the integration of TEL-LA practices on learning outcomes in
PSL. In fact, we have identified only three studies that share insights on the relativeness of intervention effectiveness with LA (Larrabee
Senderlund et al., 2019), the challenges and limitations over the use of evaluation and validation in TEL constructs (van Haastrecht
et al., 2024), or looking into a bottom-up approach with gender participations over STEM learning (Sdinz et al., 2022). However, it
should be pointed out that none of the existing research focuses on the PSL with an abstracted overview and impact of TEL-LA
interventions.

In light of this, the present study addresses this gap by examining how TEL-LA shapes STEM education with personalization
practices. The review led to the identification of various combinations of digital tools, analytics approaches, and adaptive strategies
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that transformed specific areas of STEM learning with measurable positive outcomes, though some yielded mixed results. Our analysis
also revealed critical limitations within current intervention studies that researchers must address moving forward.

The integration of educational technology with LA creates compelling opportunities to customize STEM education to individual
student needs. Despite persistent challenges in gathering reliable data, conducting meaningful analysis, and applying findings across
diverse contexts, such approaches show remarkable promise. When implemented thoughtfully, they can significantly enhance how
students master complex STEM concepts and develop crucial skills for future success, as demonstrated by recent work (Lim et al.,
2021a; Qushem et al., 2022; Thomas et al., 2024).

Our study confirms trends identified in previous research (Li et al., 2020), showing growth in TEL-LA interventions supporting
personalized student learning, particularly during 2023-2024, with 2021 as an interesting exception. This anomaly might relate to
altered publishing dynamics during COVID-19 lockdowns, which potentially streamlined review processes (Sloane & Zimmerman,
2021). The geographical distribution of research raises important concerns that extend beyond mere numerical imbalance. The United
States’ dominance in this field (45 % of studies) reflects deeper structural factors, including funding priorities, technological infra-
structure, and educational policy frameworks that prioritize data-driven approaches (Wang et al., 2024b; Allman et al., 2024). Such
concentration suggests that current TEL-LA models may be inherently shaped by Western educational values, thus emphasizing in-
dividual achievement, standardized assessment, and technological solutionism. In the same vein, the underrepresentation of research
from South contexts, where different pedagogical traditions and resource constraints exist, limits our understanding of how TEL-LA
might function in diverse educational ecosystems. The geographic skew potentially creates a form of ‘algorithmic colonialism’
where learning analytics models developed in resource-rich contexts are exported without adequate consideration of local educational
philosophies, cultural learning preferences, or infrastructural realities (Kohnke & Foung, 2024; Azeez & Adeate, 2024).

The implications of such geographic concentration are profound. First, it suggests that questions of learner agency and control may
be answered differently across cultural contexts—what constitutes ‘personalization’ in individualistic educational cultures may differ
from collectivist learning environments (Ma et al., 2025; Komisarof & Akaliyski, 2025). Second, the technological requirements and
data practices embedded in current TEL-LA systems reflect the regulatory and ethical frameworks of their countries of origin, which
creates potential barriers to adoption in regions with different privacy laws or data governance approaches. Third, the pedagogical
assumptions built into these systems—such as the emphasis on individual progress tracking versus collaborative learning—may not
align with educational goals in all contexts (Guitert Catasts et al., 2025).

Furthermore, the current TEL-LA landscape being shaped predominantly by certain educational systems also has implications for
global educational equity (Iraj et al., 2020; Leite et al., 2022; Thomas et al., 2024). The algorithms and analytics models developed
within specific cultural and educational contexts embed specific assumptions about learning, assessment, and student success (Baker &
Hawn, 2022). As such, when these systems are being adopted in different contexts without critical adaptation, they risk perpetuating
educational inequalities rather than addressing them. For instance, mindset interventions in K-12 sectors showed highly variable and
heterogeneous effects depending on individuals and contexts, suggesting a growth mindset study may only predict achievement among
privileged students and not those from disadvantaged groups (Vanacore et al., 2023). Conversely, predictive models trained on data
from well-resourced institutions may perform poorly when applied to under-resourced educational settings, potentially mislabeling
students as ‘at-risk’ based on contextual factors rather than actual learning needs (Giinther, 2021). On the other hand, as a result of
massification and standardization, the HE sector has experienced an increase in student numbers and expanded diversity. Nonetheless,
diversity demands HE institutions strategize plans to provide all students with equal opportunities to get support and identify learning
needs regardless of the learner’s socio-economic background. However, massification with decreased resources has also led to large
class sizes and reduced capacity in monitoring learning progress and providing personalized feedback, resulting in lower satisfaction
and lower levels of student development (Iraj et al., 2020).

The concentration also raises questions about whose vision of ‘personalized learning’ is being realized through TEL-LA in-
terventions. The dominance of certain geographic regions and institutional types in the research suggests that the field may be
optimizing for specific educational outcomes valued in those contexts, such as individual achievement and standardized test per-
formance, rather than exploring alternative conceptions of educational success that might include collaborative skills, cultural
competence, or community engagement (Khalil et al., 2023b).

Moving forward, addressing these imbalances requires not just geographic diversification of research but also critical examination
of how control and agency are conceptualized and operationalized in different educational contexts. Future research should explore
how TEL-LA systems can be designed to respect and enhance learner agency while acknowledging the diverse ways that agency
manifests across cultural and educational settings.

Our work addresses key research gaps identified in previous studies, including the shortage of intervention research (Li & Wong,
2020) and the need for comprehensive reviews of TEL-LA practices that are precisely utilized in STEM education (Li & Wong, 202.3).
The current study identifies critical characteristics of TEL-LA interventions across various ALPs, particularly ASSISTments, Canvas, and
Moodle. Consistent with earlier findings (Li & Wong, 2020), we observed that descriptive analytics, statistical analysis, and regression
techniques were predominant assessment approaches.

In addition, it makes an important contribution by expanding the focus to include K-12, addressing the scarcity of PSL research in
these environments noted by recent works (Du Plooy et al., 2024; Khor & Mutthulakshmi, 2023). The analyzed interventions provided
various personalization approaches: individualized instruction (Salehian Kia et al., 2021; Vanacore et al., 2023), customized learning
pathways (Qushem et al., 2022), tailored practice opportunities (Fan et al., 2021), and self-regulation support (Lim et al., 2021b).
These approaches enhanced student growth by improving both performance and engagement, with some interventions helping stu-
dents achieve mastery in specific skills like arithmetic fluency (Qushem et al., 2022).

The effectiveness of TEL-LA interventions was further shaped by diverse learning strategies. Game-based Learning (GBL) through
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the ST Math instructional program successfully engaged previously disinterested students, with predictions of improved post-test
performance influencing students’ decisions to participate in elective replay activities (Zhang et al., 2022). Video-based learning in
MOOCs provided concise, accessible content that facilitated easier review, saved time, and improved academic outcomes (Lang et al.,
2020). Meanwhile, inquiry-driven learning environments like Crystal Island (Carpenter et al., 2021) offered flexibility that promoted
active learning through a blend of online resources and classroom activities, resulting in heightened engagement and more interactive,
immersive learning experiences.

Addressing the call for more adaptive, personalized learning approaches centered on learner needs (Xie et al., 2019), our findings
reveal predominantly positive impact across key learning dimensions, including academic performance, student engagement, learning
behaviors, cognitive development, and motivation. However, we also identified mixed or insignificant outcomes in four intervention
studies (Garbers et al., 2023; Gurung et al., 2024; Moltudal et al., 2020; Thomas et al., 2024), highlighting the complexity of this
research area.

Approximately two-thirds of the analyzed studies demonstrated improved learning performance (Cogliano et al., 2022; Suar-
ez-Warden et al., 2023), with many reporting that increased student engagement directly contributed to positive learning outcomes in
personalized learning environments (Hilpert et al., 2023; Lo & Tsai, 2022). As such, it suggests that TEL-LA interventions promote
outcome-based learning in STEM education. The integration of these technologies also enhanced specific competencies, including
mathematical proficiency (Moltudal et al., 2020), problem-solving capabilities (Vanacore et al., 2023), and quality judgment skills
(Gyamfi et al., 2022).

From an educational perspective, HE students showed grade improvements when problem-based learning was integrated within VR
platform-based instructional design (Suarez-Warden et al., 2023), aligning with previous research findings (Christopoulos et al., 2023;
Xie et al., 2019). Technology-mediated feedback demonstrably enhanced self-regulated behaviors and academic achievement across
multiple studies (Iraj et al., 2020; Lim et al., 2021b, 2021a).

The integration of TEL-LA through data-driven approaches benefits both students and instructors. The moment-by-moment
learning curves dashboard within Adaptive Learning Technologies (Molenaar et al., 2021) visualized students’ acquisition of spe-
cific math skills during the learning process, providing instructors with essential progress monitoring capabilities. Similarly, hybrid
human-AI tutoring approaches increased student engagement while fostering improved learning outcomes (Thomas et al., 2024).
Importantly, our findings indicate that intervention effectiveness varies based on instructional context and individual student char-
acteristics (Lim et al., 2021a), underscoring the need for contextually sensitive implementation strategies.

Despite the potential improvement on PSL through TEL-LA interventions, several challenges and limitations across studies were
found. In greater detail, we found issues associated with personalized learning, methodology, and data. Several studies highlighted
that reduced sample sizes due to incomplete data, missing demographic information, and difficulties in generalizing findings across
different contexts were a common phenomenon (Cho et al., 2024). Another pressing issue was about generalizability, which indicated
that having a positive outcome from a single learning platform and time period may not ensure the effectiveness or efficiency
compared to other TEL platforms or domains (Khalil & Prinsloo, 2025; Zambrano & Baker, 2024). Furthermore, data collection
problems, self-selection bias, and the inherent complexity of human learning pose additional hurdles (Iraj et al., 2020). The reliance on
self-reported data can introduce social desirability bias, affecting the accuracy of measurements (Cogliano et al., 2022; Salehian Kia
et al., 2021). Addressing these limitations requires careful consideration of data quality, context-specificity, and the development of
more personalized learning intervention (Hilpert et al., 2023; Qushem et al., 2022). Future research should focus on refining existing
challenges and guiding educators to design and implement more personalized yet STEM-oriented interventions and solutions to
support K-12 and HE learners.

5. Implications

The theoretical implications emerging from the present review extend beyond immediate practical applications. Our analysis
reveals a fundamental tension between algorithmic personalization and learner agency—a tension that manifests differently across
educational contexts and cultural settings. Even though adaptive learning platforms can provide tailored support that enhances
learning efficiency, questions remain about how much control should be ceded to algorithms versus preserved for learners and ed-
ucators. Therefore, maintaining such balance becomes even more critical when considering the potential for TEL-LA systems to either
reduce or exacerbate educational inequities, depending on their design and implementation.

PSL, supported by TEL-LA interventions, carries significant implications for enhancing student engagement and outcomes through
tailored approaches (Vanacore et al., 2023; Zambrano & Baker, 2024). These data-driven approaches and practices are transforming
STEM education by facilitating personalized intervention. While PSL has the potential to create more effective, equitable, and
interactive educational experiences for all students regardless of their capacity levels (Vanacore et al., 2023), educators and stake-
holders must focus more deliberately on effect-based learning outcomes and validation of technology beyond simple measures of
learning effectiveness and formative assessment. This broader perspective is essential if we aim to advance the PSL research sector and
future TEL-LA-based interventions across diverse educational contexts (van Haastrecht et al., 2024). Based on our analysis, we present
several implications for K-12 and HE stakeholders, including teachers:

Rather than viewing TEL-LA as targeted support for struggling learners, we distill from our scoping review that TEL-LA has further
potential to restructure inequities in STEM education. By embedding LA into the educational fabric (curricula, teacher dashboards,
institutional assessment systems), TEL-LA can enable early and large-scale identification of at-risk students and shift from reactive
remediation to proactive equity-focused design (Thomas et al., 2024). Our implication for policymakers is thus to treat TEL-LA not as
experimental add-ons but as part of future strategies for equity in STEM.
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Our scoping review shows that the current interventions of TEL-LA are more Western-centric which might reflect that there are
cultural biases when generalizing personalized learning best practices and recommendations. We implicate that there are risks of
“algorithmic colonialism” in STEM education (Karumbaiah & Brooks, 2021). Future research and funding must invest in culturally
adaptive learning models of TEL-LA that reflect different pedagogical traditions and resource environments. For the field, this means
advancing design principles that integrate context-sensitive personalization rather than universalized solutions.

Multimodal TEL-LA systems should not be seen as optional data enhancements but as the next frontier for personalized STEM
education (Cogliano et al., 2022). By combining cognitive, behavioral, and affective traces, multimodal data integration can power
feedback loops that move from reactive correction to proactive, holistic learning orchestration (Prinsloo et al., 2023). This positions
LMS and ITS platforms not just as delivery channels, but as equity-enabling infrastructures that systematically anticipate and address
learner needs across diverse contexts (Qushem et al., 2022). Future research should focus on developing standards and ethical
guidelines for multimodal integration to ensure that such personalized feedback mechanisms are more scalable and equitable.

For K-12 mathematics teachers, our review highlights that Intelligent Tutoring Systems (ITS) such as ASSISTments (Gurung et al.,
2024; Vanacore et al., 2023; Zambrano & Baker, 2024) consistently improve performance when they provide adaptive difficulty levels
and automated, immediate feedback. Teachers can use the system’s dashboards not only to assign practice tasks but also to identify
patterns of misconceptions and form small groups for targeted support. Embedding self-regulated learning prompts (e.g., encouraging
students to review hints or set goals within the platform) has also been shown to strengthen problem-solving skills and persistence (Iraj
et al., 2020; Molenaar et al., 2021).

For Higher Education instructors in engineering and sciences, immersive technologies offer promising avenues to address abstract
or spatially complex concepts. For example, VR-based learning environments have been shown to improve students’ ability to visualize
and manipulate manufacturing processes (Suarez-Warden et al., 2023) and to enhance understanding of biological concepts such as
genetics (Christopoulos et al., 2023). These tools are most effective when paired with structured activities such as guided inquiry or
post-simulation reflection tasks (Lo & Tsai, 2022), ensuring that technology deepens rather than substitutes conceptual understanding.

6. Study limitations and recommendations for future reviews in TEL-LA research in STEM

As with all research works, the present review also comes with several limitations that must be acknowledged.

First, our search strategy focused exclusively on interventional studies that featured technological platforms or environments and
LA practices. The methodological decision, while ensuring we captured studies with clear TEL-LA implementations, may have
excluded relevant research that could inform our understanding of PSL. Precisely, we captured only 31 studies over five years, which
might not represent the full breadth of work being conducted in such a rapidly evolving field.

Second, although we investigated well-known academic databases to identify relevant research on PSL and education, our search
terms and database selection may have introduced biases. The STEM subjects are extremely diverse, and studies may have been
omitted owing to variations in terminology or because they did not explicitly mention STEM-related educational outcomes in their
abstracts or keywords. Some relevant work published in discipline-specific venues or in languages other than English would not have
been captured by our search strategy.

Third, we reviewed studies based on their reported learning outcomes but did not conduct a quantitative synthesis or meta-analysis.
We did not calculate effect sizes or assess the statistical significance of reported impact, which limits our ability to make comparative
judgments about the relative effectiveness of different TEL-LA approaches or to determine which interventions yield practically
meaningful improvements.

Fourth, our analysis relied on information reported in the published articles, which varied considerably in detail and scope. Some
studies provided rich descriptions of their TEL-LA implementations, while others offered limited technical or pedagogical details,
constraining our ability to identify specific features that contribute to successful interventions.

The following recommendations can be taken into consideration for future reviews in the TEL-LA domain:

First, expand search strategies beyond interventional studies to include observational, qualitative, and longitudinal research de-
signs. This broader scope would enable a more comprehensive understanding of how TEL-LA systems function across varied educa-
tional contexts and how they influence learner autonomy outside controlled experimental settings.

Second, develop more inclusive search criteria to capture the full diversity of STEM-related research. Future reviews could employ
dual search strategies: one targeting explicit STEM terminology and another identifying discipline-specific studies that may use
different vocabulary to describe similar phenomena.

Third, conduct meta-analytic reviews that synthesize evidence through effect sizes (e.g., Cohen’s d). This quantitative approach
would deepen understanding of how varying levels of personalized support and TEL-LA implementation impact learning outcomes,
while also facilitating rigorous evaluation of differential effects across student populations and educational contexts.

7. Conclusion

The present scoping review synthesized 31 empirical intervention studies from 2020-2024 to understand how TEL-LA in-
terventions support PSL. Our findings reveal that TEL-LA interventions have yielded measurable improvements, with approximately
two-thirds of studies reporting positive impact on academic performance, engagement, and cognitive development. Especially note-
worthy was the consistent finding that SRL strategies, when embedded within ALP, produced improvements across multiple learning
dimensions—from problem-solving capabilities to metacognitive accuracy.

Nevertheless, the review exposes significant challenges that temper enthusiasm for wholesale adoption. The geographic
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concentration of research in Western contexts raises fundamental questions about the generalizability and cultural appropriateness of
current personalization models. The prevalence of small-scale interventions and methodological limitations (e.g., selection bias,
missing data, limited longitudinal assessment) indicates that the evidence base, while promising, requires substantial strengthening
before TEL-LA can be considered a mature educational approach.

A major limitation of current interventions is their short time horizon. Our findings imply the need to study TEL-LA not just for
immediate grade improvements but for its impact on STEM career pathways, persistence in learning, and identity formation. A field-
shaping implication is that future research must integrate longitudinal metrics and career relevance, positioning TEL-LA as a deter-
minant of workforce readiness and STEM pipeline development.
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Appendices

Fig. A.1, Table B.1

Technology Platforms and Environments in TEL-LA Interventions
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Fig. A.1. Technology platforms by Domain.
Table B.1
Technology platforms and environments used among TEL-LA intervention for PSL.
Categories Specification Frequency
Digital Learning Environments (DLEs) Alexandria 1
Canvas 3
Connect 1
Crystal Island 1

(continued on next page)
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Table B.1 (continued)

Categories Specification Frequency

Edx Online

Hypothesis.is

Learning Management System

MOOC

MOODLE

Obojobo

Online Interactive Learning Environment

Panopto

Prolific

Runestone Interactive eBook

SCORM

ViLLE
Adaptive Learning Platforms (ALPs) Adaptive Learning Technology

ASSISTments

CueMath

MathIA

MyStatLab

RiPPLE

SOWISO

ST Math Game

Video Recommendation System
Technology-mediated Learning Environments (TMLEs) Codio

Jupyter Notebook
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Fig. A.2, Table B.2

Analytics Techniques in TEL-LA Interventions
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Fig. A.2. Analytics techniques by domain.
Table B.2
Learning analytics techniques applied among TEL-LA intervention studies for PSL.
Categories Specification Frequency
Statistical Analyses Statistical Analysis 9
Inferential Analyses Bayesian Multi-model Linear Regression 1
Confirmatory Analysis 1
Hierarchical Regression Analysis 1
Regression Analysis 5
Structural Equation Modelling 1
Machine Learning Clustering Analysis 3

(continued on next page)
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Table B.2 (continued)

Categories Specification Frequency
Data Mining 1
Machine Learning 1
Network Analysis 1
Process Mining 1
Descriptive Analyses Descriptive Analytics 1
Exploratory Data Analysis 4
Predictive Analyses Bayesian Knowledge Tracing 2
Logistic regression 1
Casual Analysis Casual Inference 1
Statistical Modelling Latent Variable Mixture Model Analytics 1
Decision-Based Analysis Comparative Analysis 1

Fig. A.3, Table B.3

Learning Strategies in TEL-LA Interventions
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Fig. A.3. Learning strategies by domain.

Table B.3
Overview of the learning strategies utilized in TEL-LA interventions.

Categories Specification Frequency

Self-Regulated and Metacognitive Learning Metacognitive Ability 1
Metacognitive Accuracy 1
Reflection-based Inquiry-driven Learning 1
Self-regulated Learning 5

Feedback-Based Learning Feedback-based Learning 3
Personalized Feedback 1
Rubrics-based Evaluative Judgment 1
Technology-mediated Feedback 1
Tutor- and Dashboard-driven Human-AI Tutoring 1

Motivation and Behavioral Strategies Affective States-based Learning Enhancement 1
Behavioral Nudges 1
Goal-setting 1
Incentivized Spacing 1

Problem-Based Learning Problem-based Learning 2
Problem-solving 1

Personalized and Adaptive Learning Personalized Learning and Training 1
Personalized Learning Paths 1
Reinforce Learning with Adaptive Content 1

Mastery-Based Learning Mastery-based Learning Activities 2

Practice-Based Learning Deliberate Practicing 1

(continued on next page)
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Table B.3 (continued)

Categories Specification Frequency
Spaced Practice 1
Game-Based Learning Game-based Learning 1
References

*Studies included in this scoping review

Allman, B., Kimmons, R., Wang, W., Rosenberg, J., & Staudt Willet, K. B. (2024). Trends and topics in educational technology, 2024 edition. TechTrends, 68, 402-410.
https://doi.org/10.1007/s11528-024-00950-5

Aggarwal, R., & Ranganathan, P. (2019). Study designs: Part 4 — Interventional studies. Perspectives in Clinical Research, 10(3), 137. https://doi.org/10.4103/picr.
PICR 9119

Arksey, H., & O’Malley, L. (2005). Scoping studies: Towards a methodological framework. International Journal of Social Research Methodology, 8(1), 19-32. https://
doi.org/10.1080/1364557032000119616

Azeez, A. J., & Adeate, T. (2024). Trust norms for generative Al data gathering in the African context. Data & Policy, 6, e71. https://doi.org/10.1017/dap.2024.67

Baker, R. S., & Hawn, A. (2022). Algorithmic bias in education. International Journal of Artificial Intelligence in Education, 32, 1052-1092. https://doi.org/10.1007/
540593-021-00285-9

Banihashem, S. K., Noroozi, O., van Ginkel, S., Macfadyen, L. P., & Biemans, H. J. (2022). A systematic review of the role of learning analytics in enhancing feedback
practices in higher education. Educational Research Review, 37, Article 100489. https://doi.org/10.1016/j.edurev.2022.100489

Barbosa, P. L. S., Carmo, R. A. F. D., Gomes, J. P. P., & Viana, W. (2024). Adaptive learning in computer science education: A scoping review. Education and Information
Technologies, 29(8), 9139-9188. https://doi.org/10.1007/510639-023-12066-z

Bin Qushem, U (2025). STEM Education Literature dataset from 2020-2024 [data set]. Zenodo. https://doi.org/10.5281/zenodo.17088364.

Bond, M., Viberg, O., & Bergdahl, N. (2023). The current state of using learning analytics to measure and support K-12 student engagement: A scoping review. In
LAK23: 13th International Learning Analytics and Knowledge Conference (pp. 240-249). https://doi.org/10.1145/3576050.3576085

*Carpenter, D., Cloude, E., Rowe, J., Azevedo, R., & Lester, J. (2021). Investigating student reflection during game-based learning in middle grades science. In LAK21:
11th International Learning Analytics and Knowledge Conference (pp. 280-291). https://doi.org/10.1145/3448139.3448166

Chen, L., Liang, H. N., Lu, F., Wang, J., Chen, W., & Yue, Y. (2021). Effect of collaboration mode and position arrangement on immersive analytics tasks in virtual
reality: A pilot study. Applied Sciences, 11(21), 10473. https://doi.org/10.3390/app112110473

*Cho, J. Y., Tao, Y., Yeomans, M., Tingley, D., & Kizilcec, R. F. (2024). Which planning tactics predict online course completion?. In Proceedings of the 14th Learning
Analytics and Knowledge Conference (pp. 360-370). https://doi.org/10.1145/3636555.3636891

*Choi, H., Winne, P. H., Brooks, C., Li, W., & Shedden, K. (2023). Logs or self-reports? Misalignment between behavioral trace data and surveys when modeling
learner achievement goal orientation. In LAK23: 13th International Learning Analytics and Knowledge Conference (pp. 11-21). https://doi.org/10.1145/
3576050.3576052

Christopoulos, A., Pellas, N., Bin Qushem, U., & Laakso, M.-J. (2023). Comparing the effectiveness of video and stereoscopic 360° virtual reality-supported instruction
in high school biology courses. British Journal of Educational Technology, 54(4), 987-1005. https://doi.org/10.1111/bjet.13306

*Cloude, E. B., Kumar, P., Baker, R. S., & Fouh, E. (2024). Novice programmers inaccurately monitor the quality of their work and their peers’ work in an introductory
computer science course. In Proceedings of the 14th Learning Analytics and Knowledge Conference (pp. 35-45). https://doi.org/10.1145/3636555.3636848

*Cogliano, M., Bernacki, M. L., Hilpert, J. C., & Strong, C. L. (2022). A self-regulated learning analytics prediction-and-intervention design: Detecting and supporting
struggling biology students. Journal of Educational Psychology, 114(8), 1801-1816. https://doi.org/10.1037/edu0000745

del Pilar Gonzalez, & Chiappe, A. (2024). Learning analytics and personalization of learning: a review. Ensaio: Avaliagao e Politicas Ptblicas em Educagao, 32(122),
Article e0244234. https://doi.org/10.1590/50104-40362024003204234

*Demszky, D., Wang, R., Geraghty, S., & Yu, C. (2024). Does feedback on talk time increase student engagement? Evidence from a randomized controlled trial on a
math tutoring platform. In Proceedings of the 14th Learning Analytics and Knowledge Conference (pp. 632-644). https://doi.org/10.1145/3636555.3636924

Du Plooy, E., Casteleijn, D., & Franzsen, D. (2024). Personalized adaptive learning in higher education: A scoping review of key characteristics and impact on
academic performance and engagement. Heliyon, 10(21). https://doi.org/10.1016/j.heliyon.2024.e39630

Ezzaim, A., Dahbi, A., Haidine, A., & Aqqal, A. (2024). The impact of implementing a moodle plug-in as an ai-based adaptive learning solution on learning
effectiveness: Case of morocco. International Journal of Interactive Mobile Technologies (IJIM), 18(01), 133-149. https://doi.org/10.3991/ijim.v18i01.46309

*Fan, Y., Saint, J., Singh, S., Jovanovic, J., & Gasevi¢, D. (2021). A learning analytic approach to unveiling self-regulatory processes in learning tactics. In LAK21: 11th
International Learning Analytics and Knowledge Conference (pp. 184-195). https://doi.org/10.1145/3448139.3448211

Ferguson, R., & Clow, D. (2017). Where is the evidence? A call to action for learning analytics. In Proceedings of the Seventh International Learning Analytics & Knowledge
Conference (pp. 56-65). https://doi.org/10.1145/3027385.3027396

*Garbers, S., Crinklaw, A. D., Brown, A. S., & Russell, R. (2023). Increasing student engagement with course content in graduate public health education: A pilot
randomized trial of behavioral nudges. In Education and information technologies, 28 pp. 13405-13421). Springer. https://doi.org/10.1007/510639-023-11709-5

*Giinther, S. A. (2021). The impact of social norms on students’ online learning behavior: Insights from two randomized controlled trials. In LAK21: 11th International
Learning Analytics and Knowledge Conference (pp. 12-21). https://doi.org/10.1145/3448139.3448141

Guitert Catasts, M., Romeu Fontanillas, T., Raffaghelli, J. E., & Cerro Martinez, J. P. (2025). Collaborative learning analytics: Centring the ethical implications around
teacher and student empowerment. A systematic review. Journal of Learning Analytics, 12(1), 8-23. https://doi.org/10.18608/jla.2025.8489

*Gurung, A., Vanacore, K., Mcreynolds, A. A., Ostrow, K. S., Worden, E., Sales, A. C., & Heffernan, N. T. (2024). Multiple choice vs. Fill-In problems: The trade-off
between scalability and learning. In Proceedings of the 14th Learning Analytics and Knowledge Conference (pp. 507-517). https://doi.org/10.1145/
3636555.3636908

*Gyamfi, G., Hanna, B. E., & Khosravi, H. (2022). The effects of rubrics on evaluative judgement: A randomised controlled experiment. In Assessment and evaluation in
higher education, 47 pp. 126-143). Routledge. https://doi.org/10.1080/02602938.2021.1887081

*Hilpert, J. C., Greene, J. A., & Bernacki, M. (2023). Leveraging complexity frameworks to refine theories of engagement: Advancing self-regulated learning in the age
of artificial intelligence. In British journal of educational technology, 54 pp. 1204-1221). John Wiley and Sons Inc. https://doi.org/10.1111/bjet.13340

*Iraj, H., Fudge, A., Faulkner, M., Pardo, A., & Kovanovi¢, V. (2020). Understanding students’ engagement with personalised feedback messages. In Proceedings of the
Tenth International Conference on Learning Analytics & Knowledge (pp. 438-447). https://doi.org/10.1145/3375462.3375527

Jarvela, S., Kirschner, P. A., Hadwin, A., Jarvenoja, H., Malmberg, J., Miller, M., & Laru, J. (2016). Socially shared regulation of learning in CSCL: Understanding and
prompting individual-and group-level shared regulatory activities. International Journal of Computer-Supported Collaborative Learning, 11(3), 263-280. https://doi.
org/10.1007/s11412-016-9238-2

Kaliisa, R., Misiejuk, K., Lopez-Pernas, S., Khalil, M., & Saqr, M. (2024). Have learning analytics dashboards lived up to the hype? A systematic review of impact on
students’ achievement, motivation, participation and attitude. In Proceedings of the 14th International Learning Analytics & Knowledge Conference (pp. 295-304).
https://doi.org/10.1145/3636555.3636884

19


https://doi.org/10.1007/s11528-024-00950-5
https://doi.org/10.4103/picr.PICR_91_19
https://doi.org/10.4103/picr.PICR_91_19
https://doi.org/10.1080/1364557032000119616
https://doi.org/10.1080/1364557032000119616
https://doi.org/10.1017/dap.2024.67
https://doi.org/10.1007/s40593-021-00285-9
https://doi.org/10.1007/s40593-021-00285-9
https://doi.org/10.1016/j.edurev.2022.100489
https://doi.org/10.1007/s10639-023-12066-z
https://doi.org/10.5281/zenodo.17088364
https://doi.org/10.1145/3576050.3576085
https://doi.org/10.1145/3448139.3448166
https://doi.org/10.3390/app112110473
https://doi.org/10.1145/3636555.3636891
https://doi.org/10.1145/3576050.3576052
https://doi.org/10.1145/3576050.3576052
https://doi.org/10.1111/bjet.13306
https://doi.org/10.1145/3636555.3636848
https://doi.org/10.1037/edu0000745
https://doi.org/10.1590/S0104-40362024003204234
https://doi.org/10.1145/3636555.3636924
https://doi.org/10.1016/j.heliyon.2024.e39630
https://doi.org/10.3991/ijim.v18i01.46309
https://doi.org/10.1145/3448139.3448211
https://doi.org/10.1145/3027385.3027396
https://doi.org/10.1007/s10639-023-11709-5
https://doi.org/10.1145/3448139.3448141
https://doi.org/10.18608/jla.2025.8489
https://doi.org/10.1145/3636555.3636908
https://doi.org/10.1145/3636555.3636908
https://doi.org/10.1080/02602938.2021.1887081
https://doi.org/10.1111/bjet.13340
https://doi.org/10.1145/3375462.3375527
https://doi.org/10.1007/s11412-016-9238-2
https://doi.org/10.1007/s11412-016-9238-2
https://doi.org/10.1145/3636555.3636884

U. Bin Qushem et al. International Journal of Educational Research 134 (2025) 102827

Karumbaiah, S., & Brooks, J. (2021). In How colonial continuities underlie algorithmic injustices in education. 2021 Conference on Research in Equitable and Sustained
Participation in Engineering, Computing, and Technology (RESPECT) (pp. 1-6). IEEE. https://doi.org/10.1109/RESPECT51740.2021.9620605.

Khalil, H., Peters, M. D., Tricco, A. C., Pollock, D., Alexander, L., McInerney, P., ... Munn, Z. (2021). Conducting high quality scoping reviews-challenges and
solutions. Journal of clinical epidemiology, 130, 156-160. https://doi.org/10.1016/j.jclinepi.2020.10.009

Khalil, M., & Prinsloo, P. (2025). The lack of generalisability in learning analytics research: Why, how does it matter, and where to?. In Proceedings of the 15th
International Learning Analytics and Knowledge Conference (pp. 170-180). https://doi.org/10.1145/3706468.3706489

Khalil, M., Prinsloo, P., & Slade, S. (2023a). The use and application of learning theory in learning analytics: A scoping review. Journal of Computing in Higher
Education, 35(3), 573-594.

Khalil, M., Prinsloo, P., & Slade, S. (2023b). Fairness, trust, transparency, equity, and responsibility in learning analytics. Journal of Learning Analytics, 10(1), 1-7.
https://doi.org/10.18608/jla.2023.7983

Khor, E. T., & Mutthulakshmi, K. (2023). A systematic review of the role of learning analytics in supporting personalized learning. Education sciences, 14(1), 51.
https://doi.org/10.3390/educscil4010051

Klokocka, J. (2025). Spiritual well-being of pupils and students: A systematic review of current empirical research. International Journal of Educational Research, 133,
Article 102689. https://doi.org/10.1016/].ijer.2025.102689

Kohnke, L., & Foung, D. (2024). Deconstructing the normalization of data colonialism in educational technology. Education Sciences, 14(1), 57. https://doi.org/
10.3390/educsci14010057

Komisarof, A., & Akaliyski, P. (2025). New developments in Hofstede’s individualism-collectivism: A guide for scholars, educators, trainers, and other practitioners.
International Journal of Intercultural Relations, 107, Article 102200. https://doi.org/10.1016/j.ijintrel.2025.102200

*Leite, W., Roy, S., Chakraborty, N., Michailidis, G., Huggins-Manley, A. C., D’Mello, S., Shirani Faradonbeh, M. K., Jensen, E., Kuang, H., & Jing, Z. (2022). A novel
video recommendation system for algebra: An effectiveness evaluation study. In LAK22: 12th International Learning Analytics and Knowledge Conference (pp.
294-303). https://doi.org/10.1145/3506860.3506906

*Lang, D., Chen, G., Mirzaei, K., & Paepcke, A. (2020). Is faster better? A study of video playback speed. In Proceedings of the Tenth International Conference on Learning
Analytics & Knowledge (pp. 260-269). https://doi.org/10.1145/3375462.3375466

Larrabee Sgnderlund, A., Hughes, E., & Smith, J. (2019). The efficacy of learning analytics interventions in higher education: A systematic review. British Journal of
Educational Technology, 50(5), 2594-2618. https://doi.org/10.1111/bjet.12720

Li, K. C., & Wong, B. T. (2023). Personalisation in STE(A)M education: A review of literature from 2011 to 2020. Journal of Computing in Higher Education, 35(1),
186-201. https://doi.org/10.1007/5s12528-022-09341-2

Li, K. C., & Wong, B. T.-M. (2020). Personalising learning with learning analytics: A review of the literature. Blended Learning. Education in a Smart Learning
Environment, 39-48. https://doi.org/10.1007/978-3-030-51968-1 4

Li, Y., Wang, K., Xiao, Y., & Froyd, J. E. (2020). Research and trends in STEM education: A systematic review of journal publications. International Journal of STEM
Education, 7(1). https://doi.org/10.1186/540594-020-00207-6

*Lim, L.-A., Gasevic, D., Matcha, W., Ahmad Uzir, N., & Dawson, S. (2021a). Impact of learning analytics feedback on self-regulated learning: Triangulating
behavioural logs with students’ recall. In LAK21: 11th International Learning Analytics and Knowledge Conference (pp. 364-374). https://doi.org/10.1145/
3448139.3448174

*Lim, L.-A., Gentili, S., Pardo, A., Kovanovi¢, V., Whitelock-Wainwright, A., Gasevi¢, D., & Dawson, S. (2021b). What changes, and for whom? A study of the impact of
learning analytics-based process feedback in a large course. In Learning and instruction, 72. Elsevier Ltd. https://doi.org/10.1016/j.learninstruc.2019.04.003

*Lo, S.-C., & Tsai, H.-H. (2022). Design of 3D virtual reality in the metaverse for environmental conservation education based on cognitive theory. Sensors, 22(21).
https://doi.org/10.3390/522218329

Ma, W., McKeown, T., & Rose, C. P. (2025). Exploring influences of past learning experiences, individualist-collectivist cultural identity and social value orientations
on Chinese and UK undergraduates’ learning preferences. Frontiers in Psychology, 16, Article 1555675. https://doi.org/10.3389/fpsyg.2025.1555675

Mangaroska, K., & Giannakos, M. (2018). Learning analytics for learning design: A systematic literature review of analytics-driven design to enhance learning. IEEE
Transactions on Learning Technologies, 12(4), 516-534. https://doi.org/10.1109/TLT.2018.2868673

Martin, F., Chen, Y., Moore, R. L., & Westine, C. D. (2020). Systematic review of adaptive learning research designs, context, strategies, and technologies from 2009 to
2018. Educational Technology Research and Development, 68(4), 1903-1929. https://doi.org/10.1007/s11423-020-09793-2

Misiejuk, K., Lopez-Pernas, S., Kaliisa, R., & Saqr, M. (2025). Mapping the landscape of generative artificial intelligence in learning analytics: A systematic literature
review. Journal of Learning Analytics, 12(1), 12-31. https://doi.org/10.18608/jla.2025.8591

*Molenaar, L., Horvers, A., & Baker, R. S. (2021). What can moment-by-moment learning curves tell about students’ self-regulated learning?. In Learning and
instruction, 72 Elsevier Ltd. https://doi.org/10.1016/j.learninstruc.2019.05.003

*Moltudal, S., Hgydal, K., & Krumsvik, R. J. (2020). Glimpses into real-life introduction of adaptive learning technology: A mixed methods research approach to
personalised pupil learning. Designs for Learning, 12(1), 13-28. https://doi.org/10.16993/df1.138

Munoz, J. R., Ojeda, F. M., Jurado, D. L. A., Pena, P. P., Carranza, C. M., Berrios, H. Q., ... Vasquez-Pauca, M. J. (2022). Systematic review of adaptive learning
technology for learning in higher education. Eurasian Journal of Educational Research, 98(98), 221-233.

Nolan, E., Wolfenden, L., Benn, T., Holliday, E., Barker, D., Oldmeadow, C., & Hall, A. (2025). Experimental designs used for optimising the effects of health
interventions and implementation strategies: A scoping review. BMC Health Services Research, 25(1), 1129. https://doi.org/10.1186/512913-025-13184-9

Noroozi, O., Alikhani, L., Jarveld, S., Kirschner, P. A., Juuso, L., & Seppénen, T. (2019). Multimodal data to design visual learning analytics for understanding
regulation of learning. Computers in Human Behavior, 100, 298-304. https://doi.org/10.1016/j.chb.2018.12.019

Noroozi, O., Pijeira-Diaz, H. J., Sobocinski, M., Dindar, M., Jarvela, S., & Kirschner, P. A. (2020). Multimodal data indicators for capturing cognitive, motivational,
and emotional learning processes: A systematic literature review. Education and Information Technologies, 25, 5499-5547. https://doi.org/10.1007/s10639-020-
10229-w

Ouyang, F., & Zhang, L. (2024). Al-driven learning analytics applications and tools in computer-supported collaborative learning: A systematic review. Educational
Research Review, 44, Article 100616. https://doi.org/10.1016/j.edurev.2024.100616

Page, M. J., McKenzie, J. E., Bossuyt, P. M., Boutron, 1., Hoffmann, T. C., Mulrow, C. D., Shamseer, L., Tetzlaff, J. M., Akl, E. A., Brennan, S. E., Chou, R., Glanville, J.,
Grimshaw, J. M., Hrébjartsson, A., Lalu, M. M., Li, T., Loder, E. W., Mayo-Wilson, E., McDonald, S., ... Moher, D. (2021). The PRISMA 2020 statement: An
updated guideline for reporting systematic reviews. BMJ (Clinical Research Ed.), 372, n71. https://doi.org/10.1136/bmj.n71

Pasion, R., Martins, E. C., & Barbosa, F. (2019). Empirically supported interventions in psychology: Contributions of research domain criteria. Psicologia: Reflexao e
Critica, 32, 15. https://doi.org/10.1186/s41155-019-0128-1

Peng, H., Ma, S., & Spector, J. (2019). Personalized adaptive learning: An emerging pedagogical approach enabled by a smart learning environment. Smart Learning
Environments, 6(1). https://doi.org/10.1186/540561-019-0089-y

Pollock, D., Davies, E. L., Peters, M. D., Tricco, A. C., Alexander, L., McInerney, P., ... Munn, Z. (2021). Undertaking a scoping review: A practical guide for nursing
and midwifery students, clinicians, researchers, and academics. Journal of Advanced Nursing, 77(4), 2102-2113. https://doi.org/10.1111/jan.14743

Prinsloo, P., Slade, S., & Khalil, M. (2023). Multimodal learning analytics—In-between student privacy and encroachment: A systematic review. British Journal of
Educational Technology, 54(6), 1566-1586. https://doi.org/10.1111/bjet.13373

*Qushem, U. B., Christopoulos, A., & Laakso, M.-J. (2022). Learning management system analytics on arithmetic fluency performance: A skill development case in K6
education. Multimodal Technologies and Interaction, 6(8). https://doi.org/10.3390/mti6080061

Qushem, U. B., Christopoulos, A., Oyelere, S. S., Ogata, H., & Laakso, M.-J. (2021). Multimodal technologies in Precision education: Providing new opportunities or
adding more challenges? Education Sciences, 11(7). https://doi.org/10.3390/educscil 1070338

Ryan, R. M., & Deci, E. L. (2000). Self-determination theory and the facilitation of intrinsic motivation, social development, and well-being. American Psychologist, 55
(1), 68.

20


https://doi.org/10.1109/RESPECT51740.2021.9620605
https://doi.org/10.1016/j.jclinepi.2020.10.009
https://doi.org/10.1145/3706468.3706489
http://refhub.elsevier.com/S0883-0355(25)00300-3/sbref0032
http://refhub.elsevier.com/S0883-0355(25)00300-3/sbref0032
https://doi.org/10.18608/jla.2023.7983
https://doi.org/10.3390/educsci14010051
https://doi.org/10.1016/j.ijer.2025.102689
https://doi.org/10.3390/educsci14010057
https://doi.org/10.3390/educsci14010057
https://doi.org/10.1016/j.ijintrel.2025.102200
https://doi.org/10.1145/3506860.3506906
https://doi.org/10.1145/3375462.3375466
https://doi.org/10.1111/bjet.12720
https://doi.org/10.1007/s12528-022-09341-2
https://doi.org/10.1007/978-3-030-51968-1_4
https://doi.org/10.1186/s40594-020-00207-6
https://doi.org/10.1145/3448139.3448174
https://doi.org/10.1145/3448139.3448174
https://doi.org/10.1016/j.learninstruc.2019.04.003
https://doi.org/10.3390/s22218329
https://doi.org/10.3389/fpsyg.2025.1555675
https://doi.org/10.1109/TLT.2018.2868673
https://doi.org/10.1007/s11423-020-09793-2
https://doi.org/10.18608/jla.2025.8591
https://doi.org/10.1016/j.learninstruc.2019.05.003
https://doi.org/10.16993/dfl.138
http://refhub.elsevier.com/S0883-0355(25)00300-3/optu7CgaMbi0v
http://refhub.elsevier.com/S0883-0355(25)00300-3/optu7CgaMbi0v
https://doi.org/10.1186/s12913-025-13184-9
https://doi.org/10.1016/j.chb.2018.12.019
https://doi.org/10.1007/s10639-020-10229-w
https://doi.org/10.1007/s10639-020-10229-w
https://doi.org/10.1016/j.edurev.2024.100616
https://doi.org/10.1136/bmj.n71
https://doi.org/10.1186/s41155-019-0128-1
https://doi.org/10.1186/s40561-019-0089-y
https://doi.org/10.1111/jan.14743
https://doi.org/10.1111/bjet.13373
https://doi.org/10.3390/mti6080061
https://doi.org/10.3390/educsci11070338
http://refhub.elsevier.com/S0883-0355(25)00300-3/sbref0063
http://refhub.elsevier.com/S0883-0355(25)00300-3/sbref0063

U. Bin Qushem et al. International Journal of Educational Research 134 (2025) 102827

Sdinz, M., Fabregues, S., Romano, M. J., & Lopez, B.-S. (2022). Interventions to increase young people’s interest in STEM. A scoping review. Frontiers in Psychology, 13.
https://doi.org/10.3389/fpsyg.2022.954996

*Salehian Kia, F., Hatala, M., Baker, R. S., & Teasley, S. D. (2021). Measuring students’ Self-regulatory phases in LMS with behavior and real-time self report. In
LAK21: 11th International Learning Analytics and Knowledge Conference (pp. 259-268). https://doi.org/10.1145/3448139.3448164

*Schiitt, A., Huber, T., Nasir, J., Conati, C., & André, E. (2024). Does difficulty even matter? Investigating difficulty adjustment and practice behavior in an open-
ended learning task. In Proceedings of the 14th Learning Analytics and Knowledge Conference (pp. 253-262). https://doi.org/10.1145/3636555.3636876

Slavin, R., & Smith, D. (2009). The relationship between sample sizes and effect sizes in systematic reviews in education. Educational Evaluation and Policy Analysis, 31
(4), 500-506. https://doi.org/10.3102/0162373709352369

Sloane, P. D., & Zimmerman, S. (2021). The impact of the COVID-19 Pandemic on scientific publishing. Journal of the American Medical Directors Association, 22(3),
484. https://doi.org/10.1016/j.jamda.2021.01.073

*Suarez-Warden, F., Aguilera Gonzalez, N. A., & Kalashnikov, V. (2023). VR visualization-aided learning using data analytics. In International Journal of Interactive
Design and Manufacturing - IJIDEM, 17 pp. 1-15). Springer Heidelberg. https://doi.org/10.1007/512008-022-01008-7

*Tempelaar, D., Rienties, B., & Nguyen, Q. (2021). The contribution of dispositional learning analytics to precision education. Educational Technology & Society, 24(1),
109-122.

*Thomas, D. R., Lin, J., Gatz, E., Gurung, A., Gupta, S., Norberg, K., Fancsali, S. E., Aleven, V., Branstetter, L., Brunskill, E., & Koedinger, K. R. (2024). Improving
student learning with hybrid Human-AI tutoring: A three-study quasi-experimental investigation. In Proceedings of the 14th Learning Analytics and Knowledge
Conference (pp. 404-415). https://doi.org/10.1145/3636555.3636896

van Haastrecht, M., Haas, M., Brinkhuis, M., & Spruit, M. (2024). Understanding validity criteria in technology-enhanced learning: A systematic literature review.
Computers & Education, 220, Article 105128. https://doi.org/10.1016/j.compedu.2024.105128

*Vanacore, K., Gurung, A., Mcreynolds, A., Liu, A., Shaw, S., & Heffernan, N. (2023). Impact of non-cognitive interventions on student learning behaviors and
outcomes: An analysis of seven large-scale experimental inventions. In LAK23: 13th International Learning Analytics and Knowledge Conference (pp. 165-174).
https://doi.org/10.1145/3576050.3576073

*Wang, K. D., Chen, Z., & Wieman, C. (2024a). Can crowdsourcing platforms Be useful for educational research?. In Proceedings of the 14th Learning Analytics and
Knowledge Conference (pp. 416-425). https://doi.org/10.1145/3636555.3636897

Wang, L., Chen, X., & Zhang, Y. (2024b). Education reform and change driven by digital technology: A bibliometric study from a global perspective. Humanities and
Social Sciences Communications, (11), 256. https://doi.org/10.1057/541599-024-02717-y

Wisniewski, B., Zierer, K., & Hattie, J. (2020). The power of feedback revisited: A meta-analysis of educational feedback research. Frontiers in Psychology, 10, Article
487662. https://doi.org/10.3389/fpsyg.2019.03087

Wong, B. T., Li, K. C., & Cheung, S. K. S. (2023). An analysis of learning analytics in personalised learning. Journal of Computing in Higher Education, 35(3), 371-390.
https://doi.org/10.1007/512528-022-09324-3

Xie, H., Chu, H.-C., Hwang, G.-J., & Wang, C.-C. (2019). Trends and development in technology-enhanced adaptive/personalized learning: A systematic review of
journal publications from 2007 to 2017. Computers & Education, 140, Article 103599. https://doi.org/10.1016/j.compedu.2019.103599

Xu, W., & Ouyang, F. (2022). The application of Al technologies in STEM education: a systematic review from 2011 to 2021. International Journal of STEM Education, 9
(1), 59. https://doi.org/10.1186/5s40594-022-00377-5

*Yeckehzaare, 1., Mulligan, V., Ramstad, G., & Resnick, P. (2022). Semester-level spacing but not procrastination affected student exam performance. In LAK22: 12th
International Learning Analytics and Knowledge Conference (pp. 304-314). https://doi.org/10.1145/3506860.3506907

*Zambrano, A. F., & Baker, R. S. (2024). Long-term prediction from topic-level knowledge and engagement in mathematics learning. In Proceedings of the 14th Learning
Analytics and Knowledge Conference (pp. 66-77). https://doi.org/10.1145/3636555.3636851

*Zhang, T., Taub, M., & Chen, Z. (2022). A multi-level trace clustering analysis scheme for measuring students’ Self-regulated learning behavior in a mastery-based
online learning environment. In LAK22: 12th International Learning Analytics and Knowledge Conference (pp. 197-207). https://doi.org/10.1145/
3506860.3506887

Zimmerman, B. J. (2000). Attaining self-regulation: A social cognitive perspective. Handbook of self-regulation (pp. 13-39). Academic press.

21


https://doi.org/10.3389/fpsyg.2022.954996
https://doi.org/10.1145/3448139.3448164
https://doi.org/10.1145/3636555.3636876
https://doi.org/10.3102/0162373709352369
https://doi.org/10.1016/j.jamda.2021.01.073
https://doi.org/10.1007/s12008-022-01008-7
http://refhub.elsevier.com/S0883-0355(25)00300-3/sbref0070
http://refhub.elsevier.com/S0883-0355(25)00300-3/sbref0070
https://doi.org/10.1145/3636555.3636896
https://doi.org/10.1016/j.compedu.2024.105128
https://doi.org/10.1145/3576050.3576073
https://doi.org/10.1145/3636555.3636897
https://doi.org/10.1057/s41599-024-02717-y
https://doi.org/10.3389/fpsyg.2019.03087
https://doi.org/10.1007/s12528-022-09324-3
https://doi.org/10.1016/j.compedu.2019.103599
https://doi.org/10.1186/s40594-022-00377-5
https://doi.org/10.1145/3506860.3506907
https://doi.org/10.1145/3636555.3636851
https://doi.org/10.1145/3506860.3506887
https://doi.org/10.1145/3506860.3506887
http://refhub.elsevier.com/S0883-0355(25)00300-3/sbref0082

	Technology-enhanced Learning and Learning Analytics for personalized STEM learning: A scoping review
	1 Introduction
	1.1 Personalization in STEM education
	1.2 Personalization in learning analytics
	1.3 Theoretical and pedagogical foundations of AI-driven learning analytics
	1.4 Motivation and contribution of the current study

	2 Methodology
	2.1 Search strategy and query design
	2.2 Selection process
	2.3 Data extraction, analysis, and synthesis

	3 Results
	3.1 Characteristics of TEL-LA intervention in PSL
	3.1.1 Technology platforms, analytics techniques and learning strategies

	3.2 Impact of TEL-LA intervention on learning outcomes
	3.2.1 Positive effects on learning outcomes
	3.2.2 Variation and complexity in learning outcomes

	3.3 Challenges and limitations in PSL interventions
	3.3.1 Personalization barriers
	3.3.2 Methodological constraints
	3.3.3 Data quality and validity issues


	4 Discussion
	5 Implications
	6 Study limitations and recommendations for future reviews in TEL-LA research in STEM
	7 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements/Funding
	Appendices
	References
	∗Studies included in this scoping review



