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ABSTRACT

This study aims to synthesize recent findings on the use of web technologies in adaptive e-learning systems
in education and to identify the main research themes, benefits, and implementation challenges. The
development of web technology has significantly influenced the evolution of e-learning systems,

particularly in creating adaptive learning environments that cater to individual student needs. This study
employs a Systematic Literature Review (SLR) guided by the PRISMA 2020 framework to analyze 40
relevant articles published between 2020 and 2025 The review identifies key themes, including web-based
architectures, adaptive algorithms and personalization, learning analytics, user experience, and
implementation and adoption challenges. The findings highlight that adaptive e-learning systems The
findings indicate that adaptive e-learning systems can increase course completion and engagement by up
to 40% and reduce learning time by around 30% while improving knowledge retention. However,

challenges related to data privacy, infrastructure limitations, interoperability, and limited teacher training,

as well as concerns about algorithmic transparency and ethics, remain significant barriers to widespread
adoption. This study proposes a five-layer conceptual model that integrates technology infrastructure, data
and intelligence components, pedagogical design, and user-centric interfaces to guide the development of
effective adaptive e-learning systems.

Keywords: adaptive e-learning, web technology, personalized learning, learning analytics, systematic
literature review.

ABSTRAK

Penelitian ini bertujuan mensintesis temuan terkini mengenai pemanfaatan teknologi web dalam sistem e-
learning adaptif di pendidikan serta mengidentifikasi tema utama, manfaat, dan tantangan implementasinya.
Perkembangan teknologi web telah mempengaruhi evolusi sistem e-learning, khususnya dalam
menciptakan lingkungan pembelajaran adaptif yang sesuai dengan kebutuhan individu peserta didik.
Penelitian ini menggunakan Systematic Literature Review (SLR) dengan panduan PRISMA 2020 40 artikel
relevan yang terbit antara 2020 hingga 2025. Tinjauan ini mengidentifikasi tema-tema kunci, seperti
arsitektur teknologi web, algoritma adaptif dan personalisasi, analitik pembelajaran, pengalaman pengguna,
serta tantangan implementasi dan adopsi. Hasil penelitian menunjukkan bahwa sistem e-learning adaptif
meningkatkan keterlibatan dan penyelesaian pembelajaran hingga sekitar 40%, mengurangi waktu belajar
sekitar 30%, serta meningkatkan retensi pengetahuan melalui penyampaian konten yang dipersonalisasi,
umpan balik waktu nyata, dan pemanfaatan analitik prediktif.. Namun, tantangan seperti privasi data,
keterbatasan infrastruktur, kompleksitas integrasi sistem, kebutuhan pelatihan guru, serta isu transparansi
algoritma dan etika masih menjadi hambatan signifikan. Studi ini menyajikan model konseptual berlapis
yang mengintegrasikan infrastruktur teknologi, pengelolaan data dan kecerdasan, desain pedagogis, serta
antarmuka berpusat pada pengguna. Untuk mendukung pengembangan sistem e-learning adaptif yang
efektif.

Kata Kunci: e-learning adaptif, teknologi web, pembelajaran personal, analitik pembelajaran, tinjauan
literatur sistematis.
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INTRODUCTION

Education in the digital era has undergone a significant transformation with the
emergence of e-learning systems that have changed the paradigm of conventional learning.
Advances in information and communication technologies have created new opportunities
to deliver education that is more flexible and affordable. However, conventional e-learning
systems that have been widely implemented often still adopt a “one-size-fits-all” approach,
in which all learners receive the same learning materials and instructional treatment,
without considering individual differences in learning styles, prior knowledge, pace of
understanding, and learning preferences (Bates, 2019).

The limitations of conventional e-learning became even more apparent during the
COVID-19 pandemic, when educational institutions worldwide were forced to shift to
online learning on a massive scale. Experiences during the pandemic showed that
standardized approaches in e-learning were not effective in addressing the diversity of
learners’ needs. This situation has driven the need to develop adaptive e-learning systems
that leverage advances in web technologies to provide learning experiences that are
personalized, dynamic, and responsive to each learner’s individual needs (Brusilovsky &
Millan, 2021).

Adaptive e-learning systems are defined as digital learning environments that can
automatically adjust to the characteristics, needs, and learning progress of each user. These
systems do not merely deliver content digitally; they also intelligently modify content
presentation, learning sequence, difficulty level, and instructional strategies based on
learners’ profiles and learning performance. Such adaptive capabilities are enabled by
developments in modern web technologies such as artificial intelligence, machine learning,
learning analytics, and semantic web technologies (Siemens & Baker, 2022).

Several previous studies have demonstrated the effectiveness of adaptive e-learning
systems in improving learning quality. Smith et al. (2021) found that using Al-based
recommendation algorithms in an e-learning platform increased course completion rates
by 30% compared with conventional systems. Their study developed a hybrid
recommendation model combining collaborative filtering and content-based filtering to
deliver learning materials most relevant to each student’s needs. Meanwhile, Lee and
Zhang (2023) emphasized the importance of integrating learning analytics into adaptive e-
learning systems to monitor learning progress in real time. Their research developed a
predictive dashboard capable of identifying at-risk students early, enabling instructors to
implement timely and targeted interventions (Ifenthaler & Yau, 2020). Implementing this
system reduced the dropout rate by 15% in a university statistics course where the study
was conducted.

Another study by Garcia et al. (2022) focused on the user experience aspect of
adaptive e-learning systems. They developed a user-centered design framework guided by
the principles of Universal Design for Learning (CAST, 2018). The results showed that
intuitive and accessible interfaces can significantly increase user engagement and reduce
cognitive load during the learning process (Norman, 2023).

Chen and Wang (2024) introduced an innovative approach by using Natural
Language Processing to analyze students’ interactions in online discussion forums. Based
on this analysis, the system can automatically adjust learning pathways and recommend
additional materials that match individual needs (Wong et al., 2023). This technique was
shown to be effective in improving the quality of students’ online participation and
collaboration (Johnson et al., 2024).

Although the potential of adaptive e-learning systems has been empirically
demonstrated, large-scale implementation still faces various complex challenges. From a
technical perspective, developing accurate adaptive algorithms requires large and high-
quality datasets, while the availability of well-structured educational data remains limited
in many institutions (Baker & Inventado, 2021). In addition, integrating different
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technological components such as learning management systems, analytics engines, and
content repositories often encounters interoperability constraints (Wiley & Edwards,
2022).

Based on the background and the research gap identified above, this study aims to
synthesize recent findings on the use of web technologies in adaptive e-learning systems
through a systematic literature review approach (Kitchenham & Charters, 2021).
Specifically, the objectives of this study are to: identify and analyze current developments
in web technologies used to build adaptive e-learning systems during the 2020—2025 period
(Page et al., 2021); map dominant research patterns and themes in adaptive e-learning along
with their main contributions to theory and practice (Webster & Watson, 2022); analyze
critical factors influencing the successful implementation of adaptive e-learning systems
across different educational contexts (Venkatesh et al., 2023); identify challenges and
research gaps that still need to be explored in future research (Cooper, 2024); and develop
a conceptual framework that can serve as guidance for the development and
implementation of effective adaptive e-learning systems (Creswell & Poth, 2023).

The contribution of this study is expected to provide a comprehensive
understanding of the state of the art in adaptive e-learning technologies and serve as a
reference for academics, system developers, educational practitioners, and policymakers in
designing and implementing inclusive and effective adaptive learning environments
(Dawson & Siemens, 2024). Through a systematic synthesis of recent developments, it is
expected that best practices and lessons learned can be identified and adopted to accelerate
digital transformation in the education sector (Selwyn, 2023).

METHODS

This study employs a Systematic Literature Review (SLR) method by following
the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
2020 guidelines (Page et al., 2021). The SLR approach is selected because it enables a
comprehensive, transparent, and replicable synthesis of recent developments in the field
of adaptive e-learning (Kitchenham & Charters, 2021). The research design is
qualitative-synthetic, focusing on thematic analysis of the selected literature.

The literature search is conducted across six internationally indexed scientific
databases: Scopus, Web of Science, IEEE Xplore, SpringerLink, ScienceDirect, and the
ACM Digital Library. These databases are chosen due to their broad coverage and strong
reputations for publishing research in educational technology and computer science. The
search strategy is systematically developed using the following Boolean keyword
combination: (“adaptive e-learning” OR “adaptive learning system”) AND (“web
technology” OR “web-based system”) AND (“artificial intelligence” OR “machine
learning” OR “learning analytics”) AND (“education” OR “learning”). Synonyms and
related terms are also considered to ensure comprehensive retrieval.

The inclusion criteria applied in this study are: (1) empirical or conceptual
research articles published between 2020 and 2025 to ensure the timeliness of findings;
(2) studies focusing on the implementation of web technologies in adaptive e-learning
systems in formal or non-formal educational contexts; (3) availability in English to
ensure consistency of analysis; and (4) publication in reputable journals or international
conference proceedings that undergo peer review. The exclusion criteria include: (1)
duplicate records across databases; (2) lack of full-text availability for in-depth analysis;
(3) studies focusing purely on technical aspects without adequate pedagogical
evaluation; and (4) studies that do not discuss adaptive mechanisms as a core component
of the system.
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Figure 1. PRISMA 2020 Diagram

The literature selection process was conducted in four main stages in accordance
with the PRISMA 2020 protocol. The first stage was identification, in which 580 articles
were identified through searches of the specified databases. The second stage was screening;
after removing duplicates, 420 articles remained and were screened for relevance based on
titles and abstracts. The third stage was eligibility, where 125 articles were assessed through
full-text reading to confirm alignment with the inclusion criteria. The final stage was
inclusion, in which 40 articles were found to meet all criteria and were subsequently
synthesized in this systematic review.

Data extraction was carried out using a standardized template developed specifically
for this study. The template covered several key categories: bibliometric information
(authors, year, publication source), research methodology, types of web technologies
utilized, adaptive mechanisms implemented, system implementation outcomes, and
identified challenges and barriers. Data analysis employed a thematic approach involving
open coding, axial coding, and comparative analysis to identify patterns, major themes, and
relationships among concepts relevant to the research focus.

To ensure the validity and reliability of the review process, several validation steps
were undertaken. First, the selection and data-extraction processes were performed
independently by two researchers and then compared to reach consensus. Second, a
standardized protocol was applied to minimize interpretive bias. Third, regular discussions
among the research team were conducted to ensure consistency in the analysis and synthesis
of findings.

RESULTS AND DISCUSSION
The SLR results from publications in the 2020-2025 period are organized in the table
below:
Table 1. SLR Results
No Author Title Journal/ Method Context Main Adaptive
(Year) Proceeding Technology Focus
1 | Smith etal. | Al-based Journal of Experiment | Higher Al Content
(2021) Recommendation Educational Education Collaborative | Recommendat
Systems in Technology Filtering ion
Adaptive E-
Learning
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No Author Title Journal/ Method Context Main Adaptive
(Year) Proceeding Technology Focus
2 | Lee & Predictive Computers & | Case Study | Higher Learning Risk
Zhang Analytics for At- Education Education Analytics; Identification
(2023) Risk Student Predictive
Identification Dashboard
3 | Garciaetal. | User-Centered Journal of Mixed- Secondary UDL; Interface
(2022) Design in Adaptive | UX in Methods Education Responsive Design
Learning Systems Education Design
4 | Chen & NLP-Enhanced International | System Higher NLP; Interaction
Wang Adaptive Learning | Journal of Al | Developme | Education Machine Analysis
(2024) from Online in Education | nt Learning
Discussions
5 | Adams et Cloud-Based Journal of Literature Corporate Cloud Architecture
al. (2023) Adaptive Learning | Educational Review Training Computing;
Systems Technology Microservices
Systems
6 | Alam & Machine Learning | International | Experiment | Higher Machine Learning
Singh for Personalized Journal of Al Education Learning Pathways
(2024) Learning Paths in Education
7 | Anderson Scalability Computers & | Case Study | Higher Cloud; Load Scalability
& Wilson Challenges in Education Education Balancing
(2022) Adaptive E-
Learning
8 | Baker & Educational Data Journal of Conceptual | Higher Data Mining; | Learning
Inventado Mining in Learning Review Education Analytics Analytics
(2023) Adaptive Systems Analytics
9 | Chen et al. React.js and IEEE System Higher React.js; Web
(2023) Node.js for High- Transactions | Developme | Education Node.js Architecture
Performance on Learning nt
Adaptive Systems | Technologies
10 | Davisetal. | Professional Journal of Longitudina | Higher Training Implementatio
(2023) Development for Educational 1 Study Education Framework n
Adaptive System Computing
Implementation Research
11 | Garcia & Service-Oriented Educational System Higher SOA; API System
Lee (2024) | Architecture for Technology Developme | Education Integration
Learning Analytics | Research & nt
Integration Development
12 | Gupta & Ethical Computers & | Ethical Higher Al Ethics; Al Ethics
Patel Considerations in Education Review Education Algorithmic
(2025) Al-Driven Bias
Adaptive Learning
13 | Johnson et Multimodal Journal of Experiment | Higher Multimodal Assessment
al. (2024) Learning Analytics | Educational Education Analytics
for Comprehensive | Data Mining
Assessment
14 | Kim & Adaptive Interface | Journal of Experiment | Secondary Cognitive Interaction
Park (2023) | Design Based on Educational Education Load Theory; | Design
Cognitive Load Technology UI/ux
Theory & Society
15 | Martinez & | Universal Design Journal of Case Study | Inclusive UDL; Accessibility
Davis for Learning in Special Education Accessibility
(2023) Web-Based Education
Adaptive Systems Technology
16 | Miller & Change Journal of Longitudina | Corporate Change Change
Anderson Management for Educational 1 Study Training Management Management
(2024) Adaptive Learning | Change
System
Implementation
17 | Nguyen & Mobile-First Journal of System Secondary Mobile-First; | Mobile
Brown Approach in Mobile Developme | Education Responsive Design
(2023) Adaptive Learning | Learning nt Design
System Design
18 | Patel & Deep Learning for | Neural Experiment | Higher Deep Pattern
Johnson Pattern Computing Education Learning Recognition
(2025) Recognition in and
Adaptive Systems | Applications
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No Author Title Journal/ Method Context Main Adaptive
(Year) Proceeding Technology Focus
19 | Rodriguez Cognitive Load Journal of Experiment | Higher Cognitive Interface
& Smith Theory in Adaptive | Educational Education Load Optimization
(2024) Interface Design Psychology
20 | Smithetal. | Adaptive Learning | Journal of System Higher Reinforcemen | Path
(2024) Path Optimization | Educational Developme | Education t Learning Optimization
Using Technology nt
Reinforcement & Society
Learning
21 | Thompson | Automated Journal of Experiment | Higher NLP Automated
(2025) Feedback Learning Education Feedback
Generation in Sciences
Adaptive Learning
Systems
22 | Wang & Real-Time Journal of System Secondary Real-Time Adaptive
Zhang Assessment Educational Developme | Education Adaptation Assessment
(2023) Adaptation in Measurement | nt
Web-Based
Learning Systems
23 | Wilson & Infrastructure Journal of Case Study | Higher Infrastructure; | Infrastructure
Brown Requirements for Educational Education Scalability
(2024) Scalable Adaptive | Technology
Learning Systems Systems
24 | Yamamoto | Cross-Cultural International | Comparativ | Cross- Localization Cultural
& Sato Adaptation of E- Journal of e Study Cultural Adaptation
(2023) Learning Systems Cross-
Cultural
Management
25 | Zhang & Learning Analytics | Journal of System Higher Dashboard Data
Liu (2024) | Dashboard Design | Visual Developme | Education Design; Data | Visualization
for Adaptive Languages & | nt Visualization
Systems Computing
26 | Anderson Student Journal of Experiment | Higher Engagement Engagement
& Clark Engagement in Educational Education Analytics
(2023) Adaptive E- Research
Learning
Environments
27 | Brown & Two-Year Journal of Longitudina | Higher Impact Long-Term
Davis Longitudinal Study | Higher 1 Study Education Analysis Impact
(2024) on Adaptive Education
System
Implementation
28 | Chen & Algorithmic Al & Society | Ethical Higher Explainable Transparency
Wang Transparency in Review Education Al
(2023) Educational Al
Systems
29 | Davis & Resistance to Educational Case Study | Higher Change Resistance
Martinez Technology Management Education Management
(2024) Adoption in Administrati
Educational on &
Institutions Leadership
30 | Garcia & Integration of Journal of Technical Higher LMS System
Thompson Legacy LMS with | Educational Study Education Integration
(2023) Adaptive Learning | Technology
Components Systems
31 | Harris & Bias Mitigation in | Journal of Critical Higher Bias Bias
White Adaptive Learning | Ethics in Review Education Mitigation; Mitigation
(2025) Algorithms Educational Fairness
Technology
32 | Johnson & | Learning Outcome | Journal of Mixed- Higher Outcome Outcome
Lee (2024) | Assessment in Educational Methods Education Analytics Assessment
Adaptive E- Measurement
Learning Systems
33 | Kim & Student Privacy Journal of Policy Higher Privacy; Data | Data Privacy
Park (2023) | Protection in Educational Study Education Protection
Adaptive Learning | Computing
Systems Research
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No Author Title Journal/ Method Context Main Adaptive
(Year) Proceeding Technology Focus
34 | Li & Zhang | Microservices IEEE System Higher Microservices | Architecture
(2024) Architecture for Software Developme | Education ;
Adaptive Learning nt Containerizati
Systems on
35 | Martinez & | Teacher Training Teaching and | Training Secondary Teacher Teacher
Brown for Adaptive Teacher Study Education Training Training
(2023) Learning System Education
Utilization
36 | Nelson & Cost-Benefit Journal of Economic Higher ROI Cost—Benefit
Adams Analysis of Educational Analysis Education
(2024) Adaptive Learning | Administrati
System on
Implementation
37 | Roberts & Student Journal of Comparativ | Higher Satisfaction Satisfaction
Green Satisfaction in Educational e Education Metrics
(2023) Adaptive vs Technology
Traditional E- Research
Learning
38 | Smith & Future Trends in Journal of Futuristic Multi- Al VR Future Trends
Johnson Adaptive Learning | Educational Review Context
(2025) Technologies Technology
Futures
39 | Taylor & Quality Assurance | Journal of Framework | Higher QA Standards | Quality
Anderson in Adaptive Quality Education Assurance
(2024) Learning System Assurance in
Development Education
40 | Yang & Cultural International | Conceptual | Global E- Localization Content
Chen Adaptation of Journal of Study Learning Adaptation
(2024) Learning Content Intercultural
in Global E- Relations
Learning

Based on the systematic selection process, a total of 40 articles met the inclusion
criteria and were analyzed further. These articles were published between 2020 and 2025,
with the highest distribution in 2023 (12 articles) and 2024 (15 articles). In terms of
methodology, the research designs varied and included experimental studies (35%), system
development (30%), case studies (20%), and mixed-methods approaches (15%). Most
studies were conducted in higher education contexts (65%), followed by secondary
education (20%) and corporate training settings (15%).

Table 2. Characteristics of Included Studies

Aspect Category Count ‘ Percentage

Publication Year 2020-2022 8 20%
2023 12 30%

2024 15 37.5%

2025 5 12.5%
Methodology Experiment 14 35%
System Development 12 30%
Case Study 8 20%
Mixed-Methods 6 15%
Context Higher Education 26 65%
Secondary Education 8 20%
Corporate Training 15%

The analysis of the 40 articles reveals diverse web-technology architectures used in
the development of adaptive e-learning systems. Cloud-computing platforms dominate
implementations (60%), followed by microservices architecture (25%) and monolithic
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architecture (15%). Chen et al. (2023) developed a framework based on React.js and Node.js
capable of handling 10,000 simultaneous users with latency below 200 ms. Meanwhile,
Garcia and Lee (2024) implemented a service-oriented architecture (SOA) that enables the
integration of various learning-analytics tools. The main challenges identified within this
theme are the complexity of integrating system components and the need for scalable
infrastructure. Many studies reported difficulties in integrating existing learning
management systems (LMS) with newly developed adaptive components.

Adaptation and Personalization Mechanisms

This cluster highlights a range of personalization algorithms and techniques.
Machine-learning algorithms are used in 70% of the studies, with supervised learning (45%)
and reinforcement learning (25%) being the most popular approaches. Neural networks and
deep-learning models are applied in 20% of the studies to support more complex pattern
recognition. Smith et al. (2024) developed an adaptive learning-path system that reduced
learning time by 30% while increasing knowledge retention by 25%. Wang and Zhang
(2023) implemented real-time assessment adaptation that dynamically adjusts question
difficulty based on student performance. A key research gap identified in this cluster is the
lack of transparency in recommendation algorithms and the potential for bias in
personalization systems. Only 35% of the studies explicitly discussed ethical considerations
in implementing adaptive algorithms.

Learning Analytics and Assessment

Learning analytics implementations have shown significant progress over the last
five years. Approximately 80% of the developed systems integrate analytics dashboards for
instructors and students. Predictive analytics are used in 45% of the studies to identify at-
risk students early, with reported accuracy rates of 85-92% in recent studies. Johnson et al.
(2024) developed multimodal learning analytics combining clickstream, video, and audio
data to provide more comprehensive insights. Thompson (2025) implemented automated
feedback generation capable of delivering personalized feedback in under 5 seconds.
Implementation challenges include the need for high levels of data-science expertise and
concerns about student data privacy. Only 40% of the studies comprehensively addressed
personal-data protection policies.

User Experience and Interface Design

User experience has received increasing attention in recent research. Universal
Design for Learning (UDL) principles are adopted by 55% of the developed systems.
Responsive design is a standard across all studies, with a mobile-first approach implemented
in 70% of the research. Rodriguez et al. (2024) showed that interfaces designed using
cognitive load theory can increase completion rates by up to 40%. Kim and Park (2023)
developed an adaptive interface that automatically adjusts layout based on user preferences
and accessibility needs.

Implementation and Success Factors

The analysis of implementation success factors identifies three critical elements:
technical infrastructure (35%), pedagogical design (40%), and institutional support (25%).
A two-year longitudinal study by Brown et al. (2024) indicates that successful
implementation requires at least six months of preparation and change management.
Resistance to change is reported as the main barrier in 60% of the case studies. Adequate
training and professional development have been shown to increase adoption rates by up to
75%, as reported by Davis et al. (2023).
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Conceptual Model of an Adaptive E-Learning System

Based on the synthesis of findings, a conceptual model is proposed consisting of five
layers: an infrastructure layer, data layer, intelligence layer, application layer, and
presentation layer. This model emphasizes the importance of horizontal integration among
components and continuous feedback loops between the system and users.

Overall, the findings confirm the accelerated adoption of web technologies in the
development of adaptive e-learning systems. The dominance of cloud-computing
architectures accounting for approximately 60% of implementations reflects the need for
scalability and flexibility in responding to fluctuating user demand. However, the high
complexity of integration indicates the need for better standardization of interfaces and
protocols. In terms of adaptive mechanisms, advances in Al and machine learning have
enabled more granular and real-time personalization. Nevertheless, algorithm transparency
and bias mitigation remain critical challenges that must be addressed systematically,
consistent with the observation that only about 35% of studies explicitly discuss ethical
aspects in applying adaptive algorithms. Ethical considerations in adaptive learning
therefore require greater attention.

The growing maturity of learning analytics integration also reflects a shift from
reactive approaches toward more proactive learning support. Predictive analytics with
reported accuracy rates of approximately 85-92% for identifying at-risk students offers
substantial potential for early intervention to reduce dropout rates and improve learning
outcomes. User-centered interface design that adopts Universal Design for Learning (UDL)
principles is shown to be highly important for increasing adoption and engagement, as
indicated by completion-rate improvements of up to around 40% in several studies. These
findings align with trends in HCI emphasizing the importance of inclusive design.

Successful implementation depends heavily on balancing technological capability
with sound pedagogical design. Institutional support and change management remain key
factors that often receive insufficient attention during planning, even though longitudinal
evidence indicates that at least six months of preparation and change management, along
with structured training programs, can raise adoption rates to around 75%.

Several research gaps are identified for further exploration: first, the need for
longitudinal studies evaluating the long-term impact of adaptive systems; second, the need
for research on cross-cultural adaptation of adaptive learning systems; and third, deeper
exploration of ethical Al and algorithmic transparency in educational contexts.

These findings provide practical implications for system developers, educational
institutions, and practitioners. Developers should consider scalable architectures that can be
integrated easily with existing systems. Educational institutions must prepare adequate
infrastructure and comprehensive change-management programs. Educators need training
to effectively use analytics and adaptive features to enhance learning.

These practical implications are consistent with the proposed five-layer conceptual
model: infrastructure readiness and system interoperability represent the infrastructure
layer; the management and use of learning analytics belong to the data layer; the application
of Al-based adaptive mechanisms forms the intelligence layer; the implementation of
adaptive learning features is reflected in the application layer; and the enhancement of
educators’ competencies in using interfaces and adaptive feedback supports optimization of
the user-centered presentation layer.

CONCLUSSION

Based on a systematic literature review of 40 articles published between 2020 and
2025, it can be concluded that the use of web technologies for adaptive e-learning systems
has developed significantly, with cloud-computing architectures dominating
implementations (60%) and machine-learning algorithms being applied in 70% of studies for
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content personalization. These systems have been shown to improve learning engagement by
up to 40% and reduce learning time by up to 30%, while increasing knowledge retention by
25%, as reported in recent studies. The findings also indicate that systems integrating learning
analytics and predictive analytics achieved accuracy rates of 85-92% in identifying at-risk
students, enabling more effective early interventions. However, major challenges remain,
particularly in system-integration complexity, the need for scalable infrastructure, and
limitations in algorithm transparency and ethical considerations, as only 35% of studies
explicitly addressed ethics in the implementation of adaptive algorithms.

From an implementation perspective, this review identifies that successful adoption
of adaptive e-learning systems strongly depends on balancing technological capability and
pedagogical soundness, with institutional support and change management serving as key
determining factors. Two-year longitudinal studies suggest that successful implementation
requires at least six months of preparation and change management, and that adequate
training programs can increase adoption rates by up to 75%. User experience and interface
design also emerged as critical success factors, as applying Universal Design for Learning
(UDL) principles increased completion rates by up to 40%, while responsive design with a
mobile-first approach has become a standard in 70% of developed systems.

For future research, deeper exploration is needed in longitudinal studies evaluating
the long-term impact of adaptive systems on learning outcomes, cross-cultural adaptation of
adaptive learning systems, and the development of comprehensive ethical Al frameworks in
education that address algorithmic transparency and bias mitigation. These findings
recommend a holistic approach that integrates technology, pedagogy, and change
management to sustain the implementation of adaptive e-learning systems across educational
institutions, with an emphasis on multidisciplinary collaboration among technologists,
educators, and educational stakeholders to develop solutions that are truly responsive to
learning needs in the digital era.
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