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ABSTRACT  
Aim/Purpose AI-based recommendation systems frequently fail to serve women in low-re-

source educational environments effectively, as they neglect critical realities, 
such as time constraints, limited connectivity, and socio-cultural barriers. This 
paper proposes a hybrid ensemble AI framework that directly addresses these 
contextual realities by integrating algorithmic fairness, gender-aware personali-
zation, and low-bandwidth adaptability into a unified, women-focused frame-
work. 

Background Although AI-driven personalized learning has advanced rapidly, existing sys-
tems lack gender sensitivity, transparency, and contextual adaptability, limiting 
their effectiveness in promoting inclusive education. 

https://doi.org/10.28945/5817
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
mailto:cheemaayesha34@gmail.com
mailto:mhamid@ukm.edu.pk
mailto:ashabbir@su.edu.om
mailto:aablfgeh@uj.edu.sa
mailto:msaleim1@kau.edu.sa


AI-Driven Risk Detection for Metacognitive Growth 

2 

Methodology A Systematic Literature Review (SLR) of 50 peer-reviewed studies (2015-2025) 
was conducted to analyze research trends in AI-powered recommender systems, 
gender-focused education, emerging technologies, and explainable AI in educa-
tional contexts. 

Contribution The key addition of the study is a conceptual ensemble hybrid AI framework, 
namely Sensitive Hybrid Ensemble for Learning Fairness (SHELF), which pro-
vides a comprehensive framework for simultaneously incorporating gender-sen-
sitive learner profiling, bias-conscious recommendation, and low-bandwidth 
adaptability. Based on a systematic review of 50 studies, the framework provides 
an evidence-based solution to a critical gap in gender-blind AI-driven educa-
tional systems in underserved areas. 

Findings Results show that 48% of studies focus on AI-based recommender systems, 
19% on adaptive and fair conceptual models, 11% on gender-specific education, 
and 12% on emerging technologies such as IoT and edge computing. System-
atic reviews and meta-analyses of educational recommendation systems account 
for 7% of studies, while only 3% address transparency and explainability, high-
lighting a major research gap. 

Recommendations  
for Practitioners 

Educational stakeholders should adopt gender-aware, fair, and explainable AI 
systems to provide personalized learning and career guidance for women learn-
ers. 

Recommendations  
for Researchers  

Future research should emphasize inclusive AI design, bias mitigation, contex-
tual adaptability, and explainability in educational systems. 

Impact on Society Gender-aware AI in education can enhance women’s access to learning, reduce 
digital inequality, and support inclusive societal development. 

Future Research Further work should validate hybrid AI frameworks across diverse educational 
contexts and assess long-term impacts on women learners. 

Keywords artificial intelligence, AI, AI in education, gender-aware learning, personalized 
learning systems, learning equity, women’s educational empowerment 

INTRODUCTION  
Recent advances in artificial intelligence (AI) have transformed digital learning environments through 
scalable, personalized education that supports data-driven decision making, adaptive content delivery, 
and learner analytics (Kuleto et al., 2021; McGrath et al., 2023; Qadir et al., 2025; Urdaneta-Ponte et 
al., 2021). The use of machine learning and deep learning has enabled automated identification of 
learning behavior, which benefits early detection of student failure and the optimization of learning 
pathways (Hamid et al., 2026). Different models have been applied to forecast student performance, 
prevent dropout, and dynamically adjust curricula (Kong et al., 2021; Saqr & López-Pernas, 2024; 
Tzirides et al., 2024). As institutional strategies are often tailored to the unique needs and preferences 
of learners, AI technologies contribute to providing a larger view of the personalized learning envi-
ronment (Han et al., 2024; Raj & Renumol, 2022; Su & Yang, 2022). 

Recommendation systems in education often use hybrid models that leverage collaborative filtering, 
content-based filtering, deep learning, and knowledge-based reasoning, achieving higher accuracy 
than single-method approaches (Adeleke & McSharry, 2022; Bagunaid et al., 2022; Holmes et al., 
2022). These techniques have demonstrated improvements in learner satisfaction, provide personal-
ized course suggestions and learning resources, reduce cognitive overload, and enhance learner moti-
vation (Machado et al., 2025; Mahmud et al., 2024; Strzelecki, 2024). Additionally, the integration of 
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IoT, knowledge graph embedding, and neural graph networks has expanded the potential of recom-
mendation systems, providing transparent and scalable solutions for complex learning content (Aladi, 
2024; Huang et al., 2023; Q. Zhang et al., 2021). 

However, several critical gaps and limitations persist in the present recommendation systems that in-
clude data sparsity, cold-start issues, lack of fairness and transparency, and insufficient scalability, 
which reduce the accuracy of recommendations for learners with limited digital access (Pimentel et 
al., 2021; Silva et al., 2023; Yang, 2024). Black Box models often favor students with more data-rich 
profiles and access to technologies, deepening the educational inequalities (Quan & Pu, 2023; Weber 
et al., 2022; P. Zhang & Zhang, 2024). The applicability of resource-intensive AI models is limited in 
low-resource areas, as these models require powerful infrastructure and large data sets, whereas con-
nectivity and availability are restricted in diverse areas (Assegie et al., 2024; Benhamdi et al., 2017; 
Mohd Talib et al., 2023; Mohd Zaki et al., 2023). 

The most unprecedented challenge in recommendation system design is the lack of gender-sensitive 
personalization for women of rural communities. These women often face barriers such as house-
hold responsibilities, income dependency, limited access to digital technology, and social mobility re-
strictions that are often neglected in the existing system (H. S. Lee & Lee, 2021; Y. Lee et al., 2023; 
Su & Yang, 2022). In this way, one-size-fits-all AI systems create the risk of educational disparities 
rather than mitigating them. This paper addresses three important gaps that current systems do not 
cover. Most AI-based recommendation systems are built with data-heavy learners with reliable access 
to devices, inherently excluding women in low-resource environments where connectivity, digital lit-
eracy, and availability to devices are limited (Assegie et al., 2024; Benhamdi et al., 2017; Mohd Talib 
et al., 2023; Mohd Zaki et al., 2023). There is no available framework that incorporates gender-sensi-
tive personalization variables such as household responsibilities, time constraints, socio-cultural barri-
ers, and income dependence (H. S. Lee & Lee, 2021; Y. Lee et al., 2023; Su & Yang, 2022). Only 4% 
of the studies discuss transparency and explainability, which makes algorithmic decisions unclear and 
diminishes the trust that isolated learners place in AI-supported educational directions. This paper 
directly addresses these three gaps by suggesting a hybrid AI framework. 

To address these gaps, this paper is guided by the following research questions: 

1. How can AI-based recommendation systems be designed to support personalized learning 
while ensuring ethical transparency and minimizing algorithmic bias? 

2. Which methodologies improve the adaptability and scalability of systems across diverse edu-
cational environments? 

3. How can recommendation systems be customized to address gender-specific challenges 
while supporting women’s access to education in underserved regions? 

The following research objectives are made based on the above research questions: 

1. To critically analyze the existing studies on AI-based recommendation systems in education 
with a specific focus on personalization, fairness, and gender inclusion. 

2. To identify key challenges, methodological gaps, and limitations of current systems in ad-
dressing the educational needs of women in low-resource settings. 

3. To provide strategic and gender-sensitive recommendations for future research and develop-
ment of gender-based educational recommendation platforms. 

This paper contributes to this field by: 

1. Reviewing the existing literature on AI-based educational recommendation systems to high-
light the limitations of current models for the specific needs of women learners in diverse 
educational environments. 

2. Identifying gaps, algorithmic bias, and scalability issues, this paper emphasizes the need for 
ethical and equitable AI educational systems. 

3. Proposing a novel ensemble AI framework to address the identified challenges. 
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The rest of the paper is organized as follows. The next sections present the methodology and the sys-
tematic literature review, followed by an analysis of studies. The proposed conceptual framework is 
then presented, followed by answers to the three research questions. The recommendations for re-
searchers and practitioners are then presented, followed by the conclusion, along with future direc-
tions and final considerations. 

METHODOLOGY 
This section describes the systematic methodology used to select and analyze the 50 studies. It pre-
sents the research methodology adopted to review the research topic. The methodology is divided 
into the following subsections: research strategy, study selection, inclusion and exclusion criteria, data 
extraction, and quality assessment of studies. The process is outlined below.  

PHASE 1: PLANNING THE REVIEW 
The initial phase of this study involved establishing a clear roadmap for a systematic review. The re-
search objectives that guide this process and the subsequent framework development are detailed in 
the Introduction section. Following a structured review protocol, this study examines the role of AI-
based recommendation systems in education, focusing on how they promote inclusive and fair edu-
cation, particularly for women’s access to education. A structured search strategy was applied across 
five major academic databases: IEEE Xplore, ACM Digital Library, Scopus, Web of Science, and Sci-
ence Direct. 

To ensure the search was fully reproducible, the following integrated Boolean search string was for-
mulated and applied to the titles, abstracts, and keywords of the records: 

(“Artificial Intelligence” OR “Machine Learning” OR “Deep Learning” OR “Recommendation 
System”) AND (“E-learning” OR “Personalized Learning” OR “Adaptive Learning” OR “Stu-
dent Performance Prediction”) AND (“Women Education” OR “Gender Inclusion” OR “Fair-
ness” OR “Equitable Learning”) 

The keywords were formulated around three main categories: 

• Technology: “Artificial Intelligence”, “Machine Learning”, “Deep Learning”, “Recommendation 
System.” 

• Education: “E-learning”, “Personalized Learning”, “Adaptive Learning”, “Student Perfor-
mance Prediction.” 

• Equity & Gender: “Women Education”, “Gender Inclusion”, “Fairness”, “Equitable Learn-
ing.” 

The selection of articles was performed in three steps, as shown in Figure 1. To maintain methodo-
logical rigor and minimize selection bias, each stage, from initial identification to full-text eligibility, 
was conducted independently by two researchers. To ensure the reliability of findings, each study was 
scored using a granular rubric based on five quality criteria (QA1–QA5). The scoring was applied as 
follows: 

• Yes: The study provides explicit empirical evidence and a clear methodology for the criterion. 
• 0.5 (partially): The study addresses the criterion but lacks depth, specific metrics, or complete 

validation. 
• No: The criterion is not addressed or is irrelevant to the study’s scope. 
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Figure 1.  Phases of the review process 

The search was limited to publications between January 2015 and March 2025, a ten-year range cho-
sen to allow publications to reflect the development and maturation of deep learning in educational 
technology and to remain relevant to contemporary issues in system design. Papers published before 
2015 were not considered, as AI-based recommendation systems in education were not common at 
that time. 

PHASE 2: CONDUCTING THE REVIEW 
Identification of studies 
During the identification phase, 670 records were retrieved from the specified databases using the 
specified keywords. The search was limited to publications between January 2015 and March 2025, a 
ten-year range chosen to allow the publications to reflect the development and maturation of deep 
learning in educational technology. 

Inclusion and exclusion criteria 
The following inclusion and exclusion criteria were applied to refine the analysis. 
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Inclusion criteria 

• The studies should be published in peer-reviewed journal articles, conference papers, or book 
chapters. 

• The research explicitly addresses AI-based recommendation systems in education. 
• The primary focus should be on personalization, fairness, scalability, or equity learning. 
• The research that addresses gender-specific challenges, women’s education, or underserved 

learners.  
• The article should be published in English. 
• The publication date should be between 2015 and 2025. 

Exclusion criteria 

• Studies not related to education and AI. 
• Articles that do not have empirical evidence or evaluation. 
• Editorials, books, dissertations, or non-peer-reviewed articles. 
• Non-English publication. 
• Publications before 2015.  

Study selection 
The selection of articles for the study followed a two-phase systematic process. The referees were 
from 2015 to 2025, as the selected period included new developments in AI-based recommendation 
systems and was also relevant to current educational technology practices. During the identification 
phase, 670 records were first retrieved from the specified databases using the specified keywords. 
The multi-stage screening process eliminated duplications and irrelevant studies, resulting in 550 rec-
ords. These were then filtered in turn by title, abstract, and full-text evaluation, resulting in 35 studies 
added to the list of those that satisfied all predetermined criteria.  

Two independent researchers took part in the screening and validation of the study to increase meth-
odological rigor and minimize selection bias. Each stage of the research was assessed by both re-
searchers independently in accordance with the predetermined inclusion and exclusion criteria. A 
consensus-based method was employed in cases of disagreement through discussion to maintain uni-
formity in selection decisions. Before full-scale screening, a sample of 20 records underwent a cali-
bration exercise to ensure that inclusion rules were consistently applied. The snowballing method was 
applied to the reference lists of the first 35 studies in the second phase, yielding an additional 63 rele-
vant records. These studies were also rigorously screened, and an additional 15 were included.  

This thorough methodology led to a final sample of 50 studies for this review, as shown in Figure 2. 
Moreover, to improve the reliability and transparency of the synthesis process, the two researchers 
independently assessed the selected studies. Synthesis was conducted on extracted data to develop 
the frameworks, using thematic coding of the limitations and future work sections of each study. 
This strategy enabled the identification of recurrent design gaps that directly influenced the creation 
and architecture of the proposed hybrid AI framework. 

Table 1 summarizes the selection process, and for each study, we extracted key information, includ-
ing its primary contribution (e.g., system proposal, empirical analysis, literature review, datasets, and 
results limitations), the problem it addressed, the techniques used, and its publication year. This data 
was then synthesized to create the tables and analyses presented in the following sections. Table 2 
provides a classification of studies by primary contribution, and Table 3 presents a year-wise classifi-
cation of these studies. 

 



Nawaz, Hamid, Shabbir, Blfgeh, & Saleem 

7 

Table 1. Study selection 

Phase Records (n) Description 

Phase 1 670 Records retrieved through database search using de-
fined keywords & databases 

Screening (multi-stage) 550 Removal of duplicates & irrelevant studies (title, ab-
stract, methodology) 

Eligibility 35 Studies assessed against inclusion criteria 

Phase 2: Snowballing 63 Additional records identified through reference lists 
of 35 studies 

Screening (snowballing) 15 Screening of 63 records with the same inclusion/ex-
clusion process 

Final inclusion 50 Total studies included (35 + 15) 
 

Figure 2. Flow of the study selection process applied in this SLR 

Figure 4 shows that 48% of studies in the literature focus on AI-powered recommender systems for 
personalized and adaptive learning using hybrid recommendation approaches. The second major cat-
egory, 19%, addresses student performance prediction and academic analysis, forecasting academic 
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outcomes by machine learning and deep learning models. Gender-specific and women’s education 
studies account for 11% of the literature. Emerging technologies such as the Internet of Things 
(IoT), edge computing, and visualization, which enhance students’ learning and engagement, account 
for 12% of the research. Systematic reviews and meta-analyses of educational recommendation sys-
tems contribute 7% of studies. Finally, a smaller portion, 4%, highlighted the transparency and ex-
plainability of AI-driven educational tools. 

Table 2. Primary classification of studies description 

Primary Category Description No. of 
Studies 

Percentage 
(%) 

AI-Based Recommender 
Systems 

Systems focusing on personalized rec-
ommendations in education 24 48% 

Machine Learning in 
Education 

Use of ML models (SVM, RF, LSTM, 
CNN, etc.) for prediction and analytics 10 20% 

Explainable AI (XAI) in 
Education 

Studies focusing on transparency and 
interpretability 2 4% 

Adaptive Learning Systems Systems adapting content dynamically 
to learners 5 10% 

Gender & Educational 
Equity 

Studies addressing women’s education 
and gender disparities 4 8% 

AI Ethics & Fairness Studies focusing on bias, fairness, and 
ethical implications 3 6% 

AI Integration & 
Educational Practices 

Adoption, perception, and implemen-
tation of AI in education 2 4% 

Total  50 100% 

  

 
Figure 3. Demonstrates the publication trend of selected papers from 2017 to 2025 
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Table 3. Distribution of primary research contributions by publication year 

Year 
Model/ 

algorithm 
development 

Framework/ 
conceptual 
architecture 

Application 
to education 

contexts 

Systematic 
reviews/ 
surveys 

Gender 
& equity 
focused 
studies 

Total 
unique 
papers 

per year 
2017 1 0 0 0 0 1 
2018 1 0 0 0 0 1 
2020 0 2 1 0 0 3 
2021 2 0 1 1 0 4 
2022 1 2 2 1 0 6 
2023 7 3 1 1 1 13 
2024 8 2 1 0 2 13 
2025 2 4 3 0 0 9 
Total      50 

 

 
Figure 4. Research focus by problem area 

Quality assessment of studies 
In addition to the inclusion and exclusion criteria, to ensure the reliability of included studies, a qual-
ity assessment was performed using predefined criteria. Each study was assessed against five criteria. 
A quality assessment criterion (QAC) was established that aligned with the primary objectives of this 
study. Table 4 presents quality assessment criteria along with a three-point scoring scale – Yes (1 
point), Partially (0.5 points), and No (0 points) – to evaluate the clarity of each paper. Table 5 pre-
sents the quality of the studies included in our final synthesis. The conceptual framework was induc-
tively developed from trends observed during data extraction and quality measurement. During the 
first phase, the extracted data of each study were coded into five dimensions: AI technique, educa-
tional setting, gender-specificity, scalability concerns, and transparency. The second stage involved 

48%

19%

11%

12%

3%
7%

AI-powered recommender systems Student Performance Prediction

Gender-specific Education Emerging Technologies in Education

Explainable AI/transparency Systmetic Review
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thematic coding of the literature to identify recurring limitations, namely the lack of gender-adaptive 
profiling, a focus on the constraints of low-resource deployment, and a focus on the mechanisms of 
explainability. The third step involved mapping these clustered gaps to framework design require-
ments: the gaps found in the literature are directly related to the modules of the proposed ensemble 
AI engine. This ensures the framework is based on synthesized evidence rather than a speculative 
creation. 

Table 4. Quality assessment description 

Criterion Description 

QA1: Clarity of Objectives Does the study clearly state its research goals/questions? 

QA2: Methodological Rigor Is the methodology (AI model, dataset, evaluation) clearly 
described and replicable? 

QA3: Validity of Results Are the results supported with empirical data and performance 
metrics (accuracy, precision, recall, F1, RMSE, etc.)? 

QA4: Contribution 
Relevance 

Does the study contribute directly to AI-based recommendations 
in education (personalization, fairness, scalability, or equity)? 

QA5: Consideration of 
Limitations/Future Work 

Does the study acknowledge its limitations and propose 
directions for improvement? 

Table 5. Quality assessment interception 

Score 
range Interpretation Number 

of studies 

1 High Quality 28 

0.5 Moderate Quality 15 

0 Low Quality (limited rigor, missing 
validation, or weak education focus) 7 

Total   50 

PHASE 3: PREPARING THE REVIEW REPORT 
Analysis of studies 
With the growth of digital technology, the integration of AI and recommendation systems in the 
educational landscape has improved personalized learning, enabled the prediction of student 
performance, and supported self-education. These systems are supported by AI, using machine 
learning, deep learning, and knowledge-based frameworks to align educational content with learners’ 
needs. This section is a synthesis of the results from 50 studies across four thematic domains: 
explainability and transparency in educational AI, AI integration into educational frameworks, 
machine learning in educational assessment, and recommender systems development.  

Explainability and transparency in educational AI  
This analysis examines key developments and methodologies, especially focused on enhancing educa-
tional access for women. Khosravi et al. (2022) explored the application of Explainable Artificial In-
telligence (XAI) in education (XAI-ED), highlighting the growing need for transparency and trust in 
AI-driven educational tools. The study aimed to develop a framework to guide explainable AI design 
in education by merging insights from AI, human-computer interaction, and cognitive science. The 
case study demonstrated success in student-teacher collaboration with the RiPPLE and AcaWriter 
systems; however, deploying XAI in an educational context remained complex and risky due to the 
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potential for incomplete explanations. Future work can extend the XAI-ED framework to diverse 
cultural contexts while reducing implementation complexity. Additionally, Saqr and López-Pernas 
(2024) presented the application of XAI in education to predict student performance and provide 
personalized feedback. They aimed to explore the utility of instance-level using an explainable AI 
model for individual performance prediction and its potential to inform decision-making and feed-
back processes.  

Multiple Machine Learning (ML) algorithms, such as Random Forest, SVM, and other Shapley Addi-
tive explanations, were applied for local interpretability, achieving 74% accuracy with Random For-
est. However, sometimes misprediction indicates human oversight in interpreting AI output. They 
further suggested developing hybrid AI-driven protocols that can reduce misprediction in perfor-
mance analytics. Moreover, Gloerfeld et al. (2020) highlighted the potentials and limitations of rec-
ommender systems in higher education as AI technologies increasingly support self-study programs. 
The study aimed to analyze how AI-powered recommender systems enhance self-regulated learning 
and how constraints affected their adoption. The proposed model combined intelligent feedback, au-
tomatic assessment, and a learning strategy within an inquiry-based learning framework to support 
students through personalized content recommendations. The results suggested that these systems 
enhance autonomous learning and positively impact student competencies. However, further explo-
ration is needed in education to adopt AI in different disciplines. Their suggestion includes expand-
ing transparent AI models to an interdisciplinary self-regulated learning environment to promote 
their adoption. Table 6 summarizes key studies that examine explainability and transparency in AI-
driven educational systems, with a focus on fairness, trust, and interpretability. 

Table 6. Summary of explainability and transparency in educational AI 

Reference Model/ 
methodology Dataset Accuracy/ 

results Limitations Future  
work 

(Khosravi 
et al., 2022) 

XAI-ED framework, 
decision tree, rule-
based model, and 
clustering   

3000+ 
students across 
three German 
universities  

35% 
improvement 
in students’ 
engagement  

Complexity in 
deploying XAI 
in diverse 
contexts  

Expand 
personalized 
explanation and 
ethical 
guidelines  

(Saqr & 
López-
Pernas, 
2024) 

Random Forest, 
XGBoost, 
Neural network, 
SVM, Linear  
Regression   

126 medical 
students  

R2 0.30 for 
Random 
Forest  

Misprediction 
based on 
passive 
engagement 
requires 
human 
validation  

Develop hybrid 
human-AI 
collaboration to 
contextualize 
prediction  

All the reviewed studies discussed in this subsection support the idea that explainability in educa-
tional AI is technically achievable and pedagogically meaningful. A major shortcoming is, however, 
evident: current XAI frameworks were constructed and tested in highly resourced, Western institu-
tionalized settings. All the reviewed studies focus on how explainability mechanisms can be imple-
mented to support learners with low levels of digital literacy, or learners in situations where cultural 
distrust of automated systems is not technical but has a cultural basis. Transparency is rather a pre-
condition than a technical characteristic of an algorithm for women learners in marginalized settings, 
where transparency can serve to strengthen existing power dynamics. This is the gap that will directly 
inform the transparency layer that is embedded in the proposed framework. Collectively, these stud-
ies demonstrate that explainability (XAI) is technically achievable and essential for building learner 
trust. However, they remain unresolved regarding how these mechanisms function for low-literacy 
users or in non-Western cultural contexts where distrust is rooted in socio-power dynamics rather 
than technical flaws. This unresolved gap justifies the Embedded XAI Transparency Layer in the 
SHELF framework, which focuses on providing culturally adapted and accessible explanations. 
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Integration of AI in educational frameworks 
Personalized learning and adaptive systems have influenced AI to tailor the educational experience, 
yet they face challenges in mitigating bias, scaling, and validating in the real world. Wang et al. (2024) 
explored the field of artificial intelligence in education (AIED) and highlighted a limited understand-
ing of its conceptual structure and limited research. Identifying key topics, methods, and theories in 
AIED through a mixed-method approach and content analysis of recent literature was a key objec-
tive. The study map research trends highlighted that adaptive learning and personalized tutoring were 
the most used methods, and major areas additionally call for greater use of emerging AI technologies. 
They also highlighted the need to incorporate preschool education and emerging AI technologies 
into adaptive learning research. Furthermore, Bagunaid et al. (2022) presented the integration of AI 
into e-learning systems to enhance student assessment and personalized recommendations.  

For distance education, e-learning offers flexibility and accessibility to learners. By developing an AI-
based Student Assessment and Recommendation system (AISAR), the study aimed to address issues 
like predicting student performance and providing tailored recommendations. Their proposed model 
used an RNN to estimate student scores based on engagement and exam results, achieving a high ac-
curacy of 97.21% in performance prediction and outperforming traditional machine learning models. 
Despite this, the study acknowledges limitations, including reliance on specific datasets and the need 
for further validation across various educational contexts. AISAR can validate on multi-institutional 
datasets to improve generalizability. Moreover, Huang et al. (2023) investigated the impact of AI-ena-
bled personalized video recommendations on students’ motivation, outcomes, and engagement in a 
flipped classroom. The study aimed to replace traditional methods with interactive activities, but mo-
tivation remains a challenge. A hybrid recommendation system (logistic regression + Bayes theorem) 
increases motivation among students with moderate motivation, indicating notable improvement. 
Although the study was limited to short-term effects, a single course may lack its generality. Their 
work suggested that future studies should explore long-term motivational effects of hybrid recom-
menders in flipped classrooms.  

Additionally, Ahmadian Yazdi et al. (2024) explore educational recommender systems that personal-
ize the selection of learning resources based on individuals’ interests. The objective of their study was 
to develop a dynamic recommender model that adapts to behavioral changes by integrating deep 
learning techniques, especially the Long Short-Term Memory (LSTM) network. Their approach in-
volves a two-module architecture: one module captures long-term user interest, while the other cap-
tures short-term, session-based interest, with weighted attention to recent activities. The model 
achieved an accuracy of 0.9978, indicating high-quality recommendations. The study was limited to a 
specific dataset. So future work could explore scalability for larger datasets and real-world validation.  

In the same way, Q. Zhang et al. (2021) explored the role of recommender systems in e-learning, fo-
cusing on their ability to provide personalized learning experiences as online resources are increasing 
day by day. The objective was to highlight how content-based, collaborative filtering-based, and 
knowledge-based approaches enhance personalized learning experiences by adapting to learner pref-
erences and pedagogical requirements. Their proposed framework integrated these methods with 
deep learning and fuzzy logic to handle uncertainties in learner profiles and item attributes. The study 
found that hybrid systems outperformed a single-method approach, yet reliance on predefined ontol-
ogies in knowledge-based systems compromises their privacy and scalability. They further suggested 
developing ontology-free knowledge-based recommenders to improve system scalability. However, 
Wei et al. (2021) explored the integration of AI and educational psychology to develop a personalized 
online learning recommendation system. They aimed to address the gap by aligning learning re-
sources with students’ abilities and applying AI and educational psychology principles through a pro-
posed recommendation scheme. A Linear Upper Confidence Bound-based algorithm was employed 
to explore personalized coefficients to balance known preferences with new resource discovery. Ex-
perimental results demonstrated effectiveness, achieving 70% precision for active students, and 
showed significant improvement over traditional methods such as user-based and item-based 
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collaborative filtering. However, the study examined static learning abilities over a short period, 
which does not account for long-term changes in student behavior.  

Similarly, Y. Lee et al. (2023) focused on developing a personalized recommender system for educa-
tion using big data and machine learning techniques to address the limitations of traditional filtering 
methods based on behavior. They aimed to enhance the accuracy of class recommendations by intro-
ducing recommendation indicators extracted from extensive learning activity data. The proposed ap-
proach analyzed factors such as student participation, quiz scores, and class engagement. The model 
showed improvement in F1 score from 0.616 to 0.844 as the volume of data increased, achieving 
high accuracy. However, the study is limited by its dependence on the quality and completeness of 
collected data. In the future, real-time bias detection can be integrated into collaborative filtering for 
fair recommendations.  

Following these studies, Oubalahcen and Tamym (2023) explored the application of AI in e-learning 
recommender systems, focusing on how AI enhances personalized learning experiences. The study 
aimed to compare AI-based recommender systems in e-learning, contrasting machine learning and 
deep learning approaches through collaborative filtering, content-based filtering, knowledge-based 
filtering, and hybrid recommendation systems. Their results showed that AI-driven recommenders 
enhance personal education; however, they lack data privacy, incur high implementation costs, and 
lack real-time adaptability. However, limitations include dependence on quality data and computa-
tional complexity. Future work can optimize deep learning recommenders for real-time adaptability. 
Focusing on this, Gao et al. (2021) explored the integration of AI and big data into e-learning and e-
education, highlighting their impact on modern education. However, challenges such as data com-
plexity, resource management, and real-time adaptability persist in distance education. They examined 
fuzzy association rules for public opinion mining and machine cooperation for resource sharing, 
adaptive index updating, and edge computing for mobile education. Findings demonstrated signifi-
cant improvements, such as 94-96% accuracy in semantic classification and a reduced 0.22% index 
redundancy. The paper has limitations, including computational costs and scalability issues in real-
world deployment. Future work can focus on developing fuzzy systems that are less costly and re-
quire fewer resources to operate.  

While generative AI could improve teaching and learning processes, such as feedback and assessment 
(Giannakos et al., 2025), experts cautioned against being overly optimistic, as there are risks of dis-
ruption, ethical concerns, and misuse. They warn against uninformed adoption without evidence and 
pedagogical soundness, and without ecosystem considerations. Moreover, Zhu et al. (2024) presented 
an augmented machine learning-based course enrollment recommender system focused on academic 
advising by manipulating contextual data to enhance course recommendations. The purpose of their 
study was to develop a hybrid recommendation model integrated with student demographics and 
course descriptions to improve accuracy. Their proposed model combined matrix factorization and 
collaborative filtering, augmented with contextual features like a student’s job status and course simi-
larity. Also, heatmaps were used to measure weight similarity. The results demonstrated that the 
model outperforms basic collaborative filtering across diverse university settings. Future work can 
incorporate gender-specific features to enhance course recommendations for underrepresented 
groups, such as women in rural areas. Furthermore, Nadimpalli et al. (2025) introduced Nestor, a hy-
brid AI algorithm that enhanced the learning management system (LMS) by integrating learners’ 
characteristics to provide a personalized learning path. Their study employed a Bayesian Network to 
integrate psychological models and learning element preferences, enabling data-driven recommenda-
tions. The model was evaluated using real and synthetic datasets; its results showed an 8.6-11.6% dif-
ference in log-likelihood scores and a reduced hamming distance of up to 36.36% with synthetic data 
augmentation. Still, the study found that limitations include biases in psychological questionnaires 
and the challenge of collecting large-scale data. They also highlighted that automating psychological 
data collection via LMS can reduce questionnaire bias. 
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Obeid et al. (2018) explored the application of ontology-based recommender systems, as a significant 
problem in this domain was students’ difficulty in selecting major courses and universities. The pur-
pose of this study was to develop a hybrid model combining an ontology-based method with ma-
chine learning to provide diverse recommendations for students. The proposed system collected ex-
plicit and implicit data from students and clustered the profiles using k-means and hierarchical clus-
tering to identify a suitable major and university for each student. The system improves recommen-
dation accuracy but requires extensive ontology development. Future work could explore semi-auto-
mated, domain-adaptive ontology methods to reduce development time and improve system adapta-
bility across different educational disciplines. In the same way, X. Zhou et al. (2025) focused on im-
proving personalized course recommendation, as existing recommendation systems struggled with 
data sparsity and noise, limiting their accuracy in dynamic educational environments. Their proposed 
EdGCL, a LightGCN-based model, integrated learnable noise modules and contrastive loss to opti-
mize feature embedding. Results achieved 8.53% higher Recall@10 on MovieLens-1M and a 1.2% 
improvement in NDCG@10 on MoocCube, compared to a baseline such as SimGCL. Yet its experi-
mental validation was limited to only two datasets. Future work can scale EdGCL across diverse edu-
cational datasets while maintaining low computational overhead.  

Additionally, Cai and Liu (2024) analyzed the role of adaptive learning systems in personalized educa-
tion as traditional education struggled with uniform teaching methods. Their purpose was to analyze 
how adaptive learning systems can enhance personalized education by dynamically adjusting content, 
difficulty, and feedback. Using Squirrel AI, the system analyzed student data and teaching strategies. 
Results showed improvement in learning efficiency and engagement. However, technological de-
pendency, privacy concerns, and occasional gaps limited it. They both highlighted that integrating 
emotional and motivational factors into Squirrel AI’s adaptive algorithms can help reduce the occa-
sional gap. Table 7 summarizes key studies on integrating AI into educational frameworks, highlight-
ing the reported system architectures, learning models, and implementation strategies. 

Table 7. Summary of integration of artificial intelligence in educational frameworks 

Reference Model/ 
methodology Dataset Accuracy/ 

results Limitations Future 
work 

(Wang et al., 
2024) 

Mixed method ap-
proach (biblio-
metric and content 
analysis) 

AIED scholarly 
articles 

Heavily 
skewed to-
wards applica-
tions 

Less inclusion of 
latest AI technol-
ogies and unex-
plored initial edu-
cational stages 

Expand re-
search to 
preschool 
education 

(Bagunaid 
et al., 2022) 

AISAR system 
(RNN+DBSCAN 
Clustering+ TMR 
+ reinforcement 
learning) 

32,593 students 
from OULAD 

97.21% accu-
racy, 0.97 
true-positive 
rate, 0.91 pre-
cision 

Potential variabil-
ity in engagement 
data quality 

Integrate 
real-time 
adaptive 
learning 
features in 
educational 
settings 

(Huang et 
al., 2023) 

Hybrid recommen-
dation system (Lo-
gistic Regression 
+Bayes’ theorem) 

102 college stu-
dents enrolled in 
a systems pro-
gramming course 

Significant 
improvement 
in motivation, 
engagement, 
and learning 
outcomes for 
moderate 
level students 

Limited to a sin-
gle course, short-
term effects 

Explore 
the long-
term im-
pact of AI 
recommen-
dations and 
extend the 
model to 
diverse dis-
ciplines 
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Reference Model/ 
methodology Dataset Accuracy/ 

results Limitations Future 
work 

(Wei et al., 
2021) 

LinUCB-based 
recommendation 
algorithm 

26934 students-
video pairs from 
Coursera 

Achieved 
70% precision 
for active stu-
dents 

Considered static 
abilities, long-
term behavior 
changes are 
ignored 

Incorpo-
rate dy-
namic abil-
ity tracking 

(Y. Lee et 
al., 2023) 

Collaborative 
Filtering 

Integrated 
learning activities 
data from online 
platforms 

F1-score im-
proved from 
0.616 to 0.844 

Dependence on 
data quality 

Incorpo-
rate more 
indicators 
and adapt 
to chang-
ing behav-
iors 

(Gao et al., 
2021) 

Fuzzy association 
rules, man-machine 
cooperation 

Small-scale imple-
mentation 

94-96% accu-
racy in se-
mantic classi-
fication 

High 
computational 
cost, Scalability 
issues 

Integrate 
real-time 
adaptive 
learning 

(Nadimpalli 
et al., 2025) 

Hybrid Bayesian 
Network (Nestor) 

Real(N=54) + 
synthetic (50-50k 
samples) 

LL:8.6-11.6% 
difference; 
HD improved 
by 36.36% 

Biased data 

Dynamic 
adoption 
using log 
data 

 

Collectively, this body of research demonstrates significant advances in hybrid AI systems, showing 
they consistently outperform single-method approaches in terms of accuracy and learner engage-
ment. However, a critical unresolved trend persists. High-performing models remain heavily depend-
ent on large datasets and robust digital infrastructure. This dependency creates a ‘structural exclusion’ 
effect, in which learners in low-resource, low-connectivity settings who stand to benefit most from 
personalized education are systematically underserved. Furthermore, current frameworks fail to in-
corporate vital socio-cultural constraints, such as household responsibilities, time fragmentation, or 
social permission structures, into their profiling logic. This dual gap directly justifies the architectural 
logic of the SHELF framework, which is designed to operate in low-bandwidth environments while 
integrating contextual profiling variables that capture the specific lived realities of women learners. 

Machine learning model for educational assessment 
Student performance prediction using AI offers more powerful insights for early intervention. Qadir 
et al. (2025) applied hybrid models to educational data mining for predicting student performance. 
They aimed to evaluate and compare ensemble methods, including CatBoost, XGBoost, and 
LightGBM, with deep neural networks (CNN, LSTM, and DNN) to develop more reliable prediction 
systems. Additionally, used synthetic data generation via the Synthetic Minority Over-sampling Tech-
nique (SMOTE) to address class imbalance and improve model robustness. CatBoost achieved the 
highest predictive accuracy of 0.7143, while CNN also performed strongly on sequential data. How-
ever, overfitting and high computational cost remained concerning, and they suggested enhancing 
CatBoost's robustness to noisy, imbalanced datasets through synthetic data augmentation.  

Additionally, Jin (2025) explored various machine learning techniques, such as Support Vector Re-
gression (SVR), k-Nearest Neighbor (k-NN), and Artificial Neural Network (ANN) with Principal 
Component Analysis (PCA) to evaluate moral education programs at the university, indicating that 
SVR is more accurate with an accuracy of 98.2%. The study recommended that an AI-driven moral 
assessment system lead to fair evolution. The limitation includes reliance on specific machine learn-
ing models that may not evaluate all facets of moral education. Future work could expand moral edu-
cation assessment to include non-Western frameworks. Moreover, Christou et al. (2023) focused on 
predicting student performance and study duration in higher education using ML techniques. This 
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study aimed to develop a predictive model to improve the accuracy of academic planning and student 
retention efforts. A hybrid feature construction method combined feature engineering via genetic 
programming with neural network modeling, achieving the lowest mean squared error in 9 out of 12 
regression datasets and the highest accuracy across all datasets; however, the generalizability of the 
results may be limited by its reliance on a single university. He further suggested applying the 
FSC4RPF algorithm to multi-institutional datasets for broader validation. In the same way, Silva et al. 
(2023) explored Convolutional Neural Networks in education, focusing on addressing challenges in 
teaching and learning. Lack of comprehensive studies on CNN applications tailored to various edu-
cational contexts was a problem in the Global South. The SLR aimed to analyze current CNN appli-
cations in education by examining publication trends, datasets, model performance, and research 
gaps, based on a review of 133 papers from IEEE Xplore, ACM Digital Library, and Scopus. Results 
showed that CNN models achieved high accuracy in various tasks, including emotion recognition 
and student performance prediction. However, a limitation of the study was the lack of randomized 
controlled trials and insufficient attention to generalizability.  

Focusing on performance prediction, Mohd Talib et al. (2023) discussed that predicting students’ ac-
ademic performance was becoming critical as the institutions promoted holistic development among 
learners. The study aimed to enhance the identification of students’ behavior patterns to better pre-
dict and inform academic performance in a timely manner. The authors applied a combination of K-
means clustering and SVM classification to cluster students into three classes. The results showed 
higher accuracy with cluster labels than with traditional methods, leading to improved assessment 
metrics. A key recommendation from this study is to add psychological attributes to SVM clustering 
to focus on gender-specific analysis. For instance, Mohd Zaki et al. (2023) focused on classifying stu-
dents’ performance using an SVM with a polynomial kernel based on students’ online activities. The 
main objective of this paper was to develop a model to predict students’ performance in identifying 
at-risk students and understanding factors affecting their success. The author proposed a dataset con-
taining both academic and behavioral features, followed by preprocessing and SVM with polynomial 
kernels. Results indicated that the SVM model performed well with gamma = 0.005, regularization 
parameter = 0.1, and degree = 1. They recommended developing gender-balanced SVM kernels to 
reduce bias in online classification.  

Further, Narimani et al. (2024) focused on academic advising in online higher education, as tradi-
tional methods relied on generic prerequisites, failing to account for individual performance and 
suboptimal course selections. The purpose of this study was to integrate association rule mining with 
grade-based metrics to predict enrollment outcomes. They applied the Apriori algorithm to mine 
course sequences and introduced grade change to measure performance shifts between courses. 
Their results showed the model predicted grade drops with 88.44% accuracy and raises with 81.02% 
for informatics students. However, the limitations include reliance on a fixed threshold for rule min-
ing and low applicability for diverse programs. Future efforts, they argue, should extend association 
rule mining across diverse academic programs. Assegie et al. (2024) applied machine learning tech-
niques to predict students’ performance across various educational domains. Their objective was to 
compare RF and SVM models for classifying students based on their academic performance, as 
measured by grade scores. For this purpose, the authors utilized Portuguese SGS datasets, including 
various demographic and student assessment details. Their results showed that the SVM model out-
performed the RF model, particularly in the linear kernel, achieving an accuracy rate of 75.72%. Fu-
ture work could expand the comparative model to analyze gender-specific barriers and social behav-
ioral factors. Additionally, S. Liu et al. (2024) addressed the inefficiency of existing cognitive diagno-
sis methods in web-based intelligent education systems. Their study proposed an Inductive Cognitive 
Diagnosis Model (ICDM) to infer students’ masses without retraining, using student-centered graphs 
and the CAGT process. The model has achieved 96.87% accuracy with an inference time of 26 ms 
for 355 new students. However, limitations include handling new exercises and reliance on static 
knowledge concepts. They suggested enhancing ICDM to handle dynamic knowledge concepts in 
cognitive diagnosis. Table 8 summarizes key studies on machine learning models for educational 
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assessment, including approaches for predicting learner performance, adaptive evaluation, and per-
sonalized feedback. 

Table 8. Summary for a machine learning model for educational assessment 

Reference Model/ 
methodology Dataset Accuracy/ 

results Limitations Future  
work 

(Qadir et 
al., 2025) 

CatBoost, CNN, 
XGBoost, DNN, 
RNN, Gradient 
Boosting, Light 

Higher 
Education 
Datasets 

0.7143 for CatBoost 

Performance de-
grades for noisy 
and imbalanced 
data 

Expand the realism 
of dataset 

(Jin, 2025) 

SVR, ANN, and 
KNN for moral 
assessment 
education 

University 
student’s data 

SVR has superior 
predictive accuracy 
with the lowest error 
rate 

Datasets may 
not encompass 
all facets of 
moral education 

Explore various 
datasets and ML 
models to enhance 
reliability 

(Christou 
et al., 2023) 

FSC4RPF 
algorithm 

Six departments 
at the 
University of 
Ioannina 

Lowest mean square 
error in 9/12 
datasets, highest 
accuracy in all 
datasets 

Small size of the 
dataset 

Broader dataset 
includes data from 
various universities 

(Silva et 
al., 2023) 

Various CNN 
architectures 

FER-2013, 
CK+, MNIST, 
custom datasets 

90.30% accuracy 
(emotions),92.86% 
(performance) 

Lack of ran-
domized trials 

Explore few-
shot/transfer 
learning 

(Mohd 
Talib et 
al., 2023) 

k-means 
clustering and 
SVM 

200 first-term 
students 

enhancement in 
accuracy from 76 to 
90 

Limited size of 
the dataset 

Add psychological 
and behavioral 
attributes for gender 
specification 

(Mohd 
Zaki et al., 
2023) 

Polynomial SVM Online behavior 
of 101 students 

Accuracy improved 
from 90.5 to 95.3% Imbalanced data 

Combine SVM and 
behavior for 
females’ access in 
educational 
technology 

Collectively, the reviewed studies demonstrate that performance-prediction models have achieved 
impressive accuracy in identifying at-risk students. However, these technical gains often conceal a sig-
nificant equity blind spot; with the notable exception of Mohd Talib et al. (2023), existing models 
systematically fail to treat gender as a dynamic design variable. By treating all learners as statistically 
similar, current systems risk furthering educational disparities rather than mitigating them. This re-
mains a critical unresolved issue for women learners whose educational paths are frequently non-lin-
ear, often interrupted by household responsibilities, limited mobility, or economic constraints. Tradi-
tional measures of performance prediction fail to account for these interruptions, providing a direct 
justification for the Gender-Sensitive User Layer in the SHELF framework. This component is de-
signed to move beyond population standards by incorporating socio-cultural constraints as primary 
variables, ensuring that performance feedback is tailored to the personal objectives and lived realities 
of women learners. 

Advancement of recommender systems in education 
AI-powered recommender systems hold transformative potential for personalized learning in educa-
tion. Machado et al. (2025) explored the integration of AI into educational resource recommendation 
systems within gamified intelligent tutoring systems (ITS). They examined teachers’ high cognitive 
workload by comparing workload perceptions across manual, automated, and semi-automated rec-
ommendation scenarios in an experiment with 151 teachers who customized a gamified intelligent 
tutoring system. Results showed significantly less workload, having p=0.024 with female teachers and 
higher education instructors, but a limited simulation environment and non-representative sampling 
may limit the findings.  
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Similarly, Rahayu et al. (2022) review the use of ontologies in e-learning recommender systems, ana-
lyzing existing research on ontology-based recommendation methods, development practices, and 
evaluation strategies. The study reviews 28 articles (2010-2020) that use OWL and AI techniques to 
examine how ontologies model learner profiles and content. Results showed positive outcomes from 
personalized learning, mostly from prototype systems, though a small sample size and a lack of real-
world validation remain limitations. However, standardized ontological frameworks for cross-plat-
form e-learning can be focused on in the future. Following Urdaneta-Ponte et al. (2021), a systematic 
review of recommendation systems in education was presented, addressing information overload and 
enhanced learning by relevant educational resources. They aimed to analyze existing education rec-
ommendation systems, developmental approaches, recommended elements, and gaps to guide future 
research. The review analyzed 98 articles from major databases (IEEE, ACM, and WOS) published 
between 2015 and 2020, categorizing recommendation systems by education type and techniques 
.59% of RSs targeted formal education,33% filtering and hybrid approaches 21% while machine 
learning techniques gained prominence in recent years, but insufficient details on platform implemen-
tation were included in their limitations.  

The future can expand recommendation systems research to informal education. In this way, Raj and 
Renumol (2022) focused on personalized learning and adaptive content recommenders in e-learning 
environments. The system aimed to provide learning resources tailored to individuals’ learning styles, 
preferences, and knowledge. This study aimed to systematically review research conducted from 2015 
to 2020 on the development, implementation, and evaluation of recommender systems. The data 
consisted of 52 relevant publications focused on recommendation strategies and evaluation metrics, 
which evaluated prediction accuracy and considered learner satisfaction, achieving a success rate of 
80-90%. A limitation of this study was that it focused on non-cognitive learner attributes. A key rec-
ommendation for this study is to incorporate cognitive attributes into non-cognitive recommender 
systems. Moreover, Weber et al. (2022) focused on SIDDATA, a web-based recommendation system 
for higher education aimed at developing a scalable platform that enables the implementation of rec-
ommendations and evaluation of students’ learning goals. This utilized a modular Django framework 
integrated with Stud.IP learning management systems have been effectively tested on over 3000 stu-
dents and have demonstrated their practical usability and adaptability. However, deploying across dif-
ferent LMS is challenging due to variations in systems and data formats. Future work can develop 
universal API adapters or SIDDATA to support heterogeneous LMS platforms. 

Y. Zhou et al. (2025) addressed the challenges of accurately evaluating teaching quality in a blended 
classroom. They aimed to develop a data-driven, intelligent framework that integrates multisource 
and multi-model data for comprehensive assessment. The model captures complex relationships and 
applies attention mechanisms using Graph Attention Networks (GAT) for dynamic evaluation. The 
model achieved 90% accuracy in western China; however, large-scale deployment and real-time scala-
bility remained challenging. Optimize GAT models for edge devices to enable real-time feedback on 
teaching quality in the future. This investigation by McGrath et al. (2023) with 194 university teachers 
showed that they are more inclined to use AI to achieve equitable outcomes for first-generation stu-
dents and those with learning disabilities. It also uncovered significant concerns about a lack of 
knowledge, fairness, and the use of AI in Higher Education. Only in the archetypical and disability 
scenarios, but not in the first-generation scenario, did gender, age, faculty, and academic position af-
fect responses. Furthermore, Benhamdi et al. (2017) explored personalized recommender systems in 
e-learning environments, as traditional static systems fail to adapt to individual learner needs. The 
study aimed to enhance the quality of recommendations by incorporating learners’ preferences, back-
ground knowledge, and memory capacity. The proposed NPR-eL system employed a custom taxon-
omy and multi-dimensional similarity metric to enable effective clustering of learners and accurate 
prediction of learning materials. Results showed high accuracy in recommendations, demonstrating 
significant improvements in precision, recall, and F1 metrics when memory capacity was included. 
However, automating taxonomy generation via Natural Language Processing (NLP) can scale NPR-
El to massive OER repositories.  
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Cha et al. (2024) investigated an AI-based course recommender system focused on students’ course 
selection, a problem often considered in course evaluation. Their study aimed to understand stu-
dents’ perceptions and expectations regarding how CRS can support them at different phases of the 
decision-making process. A semi-structured interview and speed dating with storyboards were em-
ployed to explore students’ views and analyze the role of AI in the research and evaluation phases. 
Results showed that students value AI for streamlining information retrieval and that it served as a 
benchmark in the evaluation phase. Future work can involve real-world interaction to expand the re-
search. Following the above perspective, J. Zhang et al. (2023) explored an AI-based course recom-
mendation system for higher education platforms, focusing on enhancing personalized learning 
through advanced algorithms. This study aimed to overcome the inefficiency of traditional recom-
mendation methods by developing a system that integrated multiple AI techniques. The proposed 
model evaluated four algorithms: content-based, collaborative filtering, hybrid, and deep learning-
based, and analyzed their accuracy, coverage, and data sparsity. Their results showed that collabora-
tive filtering achieved an accuracy of 96%. However, its limitations include sensitivity to data sparsity 
and high computational demands for deep learning. However, federated learning techniques can be 
used to combat data sparsity in hybrid recommendation systems. 

Dhar and Jodder (2020) focused on developing an effective recommendation system using machine 
learning classification algorithms to estimate the best education program for students after passing 
class 10. By analyzing students’ performance across 10 classes, the study aimed to address the diffi-
culty students face in selecting the most suitable higher education path based on their academic his-
tory, leading to potential mismatches in career choice. The proposed approach involved data collec-
tion, preprocessing, feature selection, and multiple machine learning models, achieving 85% accuracy 
in forecasting students’ performance metrics, recommending the most suitable program, and demon-
strating high effectiveness. However, the study is limited by its reliance on data from a single geo-
graphic region and a specific educational institution. They suggested expanding ML models to in-
clude socio-economic factors beyond the grades.  

Similarly, P. Zhang & Zhang (2024) focused on improving student performance and learning evolu-
tion by integrating advanced machine learning techniques in the education sector. The authors aimed 
to analyze the effectiveness of combined Support Vector Machine (SVM) and Teaching-Learning-
Based Optimization (TLBO) to enhance predictive accuracy in the educational sector. The proposed 
model, SVM + TLBO, achieved superior predictive performance for student learning compared to 
traditional methods such as decision trees and neural networks. By extending SVM + TLBO to ana-
lyze gender barriers in education sectors, we can improve women’s access to education, particularly 
in STEM fields. The above studies (Zulfiqar & Kuskoff, 2024) explored the relationship between ed-
ucation and women’s empowerment in Pakistan. They reviewed the international gender-parity ap-
proach, which assumed that education empowered women by enabling them to challenge traditional 
norms. The problem lies in oversimplified gender-parity approaches that ignore contextual barriers, 
such as societal and familial pressures. An ecological approach was employed, conducting semi-struc-
tured interviews with 35 highly educated Pakistani women. Results showed that education provided 
women with employment opportunities, but it also burdened them with work and domestic duties. 
Future work can develop systems that consider domestic factors alongside education to provide edu-
cational opportunities for women. 

Kinol et al. (2023) evaluated the predictive accuracy of the AI method for women’s education post-
independence. The objective of this study was to compare the performance of AlexNet with linear 
regression to identify which method predicts better. A semi-supervised technique was employed, in-
dicating that AlexNet outperformed linear regression, achieving an accuracy of approximately 
84.22% compared to 80.07%. Future work could expand the dataset and refine the model for better 
generalization. The study by Kuleto et al. (2021) aimed at addressing some of the major issues, such 
as a common understanding of AI and ML by the research bases, best practices in the use of AI and 
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ML in HEI, knowledge of AI and ML by the students, and their attitudes towards the opportunities 
and challenges of AI and ML in HEI.  

Following this, Pasha (2024) examined Pakistan’s preserved gender difference in education, with girls 
facing lower access to education and reduced income as compared to boys. The purpose of this study 
was to analyze how household income and socioeconomic characteristics impact educational dispari-
ties. Using a two-model approach, an ordered logit model for educational attainment and a logit 
model for current enrollment were applied to cross-sectional data from the PSLM survey from 2005 
to 2019. Findings indicated that household income significantly increased the likelihood of a higher 
educational level, with boys having more access to education. Future work should design income-
sensitive policies for girls to access education. Moreover, Askari et al. (2022) examined women’s edu-
cation in Pakistan, focusing on gender disparities in access to education and literacy, highlighting the 
urban-rural divide and systemic barriers. Their objective was to analyze the challenges and identify 
the opportunities for improvement through technology and government. The study demonstrated 
the key issue of the scarcity of female teachers and cultural biases using a qualitative literature review 
of Pakistan. Results showed that urban female literacy was 80%, compared with 20% in rural areas. 
Future work should explore localized intervention and longitudinal impact assessment for females in 
education.  

Emerging technologies such as AI, IoT, and edge computing are significantly impacting the field of 
education. Steele (2023) explored the integration of AI in education, particularly tools like ChatGPT, 
to enhance learning while addressing ethical concerns. The study found that 80% of students had an 
effective understanding of complex topics and improved their information literacy through the use of 
AI. The study lacks empirical data on how learners use ChatGPT, which would enable future work to 
investigate ChatGPT’s longitudinal impact on information literacy. Moreover, Veeramanickam et al. 
(2023) focused on enhancing personalized learning by developing a smart education system that used 
IoT and Case-Based Reasoning (CBR). Their study aimed to design a model that dynamically recom-
mends relevant learning materials by tracking student engagement and performance. The data was 
collected via IoT sensors, processed multimedia resource access, and then applied CBR to map past 
cases and generate personalized recommendations. The study indicated correct responses ranging 
from 43.67% to 75.32%, demonstrating the model's effectiveness. They recommended expanding 
IoT-CBR systems to support multilingual learning resources. Renţea et al. (2025) examined the effec-
tiveness of visualization in machine learning education, focused on enhancing students’ learning out-
comes. Their study addressed the challenge of teaching complex mathematical concepts and split stu-
dents into groups to expose them to both interactive and static visualizations of gradient descent and 
PCA. PCA understanding improved (p = 0.0032), but did not affect the motivation level. Limitations 
include a small sample size and short-term assessments, which can be overcome through large-scale 
implementation to validate the findings. 

Chang et al. (2022) focused on evaluating the challenge of prioritizing key factors of e-learning sys-
tems. Their main objective was to develop a structured framework for assessing the key factors of e-
learning systems, employing the Analytic Hierarchy Process (AHP) and expert input to hierarchically 
weight factors such as IoT integration, teaching monitoring, and smart classroom functions, enabling 
systematic prioritization. The system identified educational resource optimization (37%) and person-
alized teaching (24%) as the most vital factors. However, the study primarily focused on technologi-
cal factors; pedagogical considerations are still overlooked. Validating the AHP framework with ped-
agogical experts in the future can balance teaching priorities. In the same vein, Afreen et al. (2025) 
explored the application of path-based recommendation methods using knowledge graphs to address 
data sparsity and the need for transparent reasoning in recommender systems in education. They 
aimed to evaluate the generalizability of KG-based reasoning methods for course recommendations 
by comparing their utility, beyond-utility, and explainability factors. The authors constructed KGs 
from three educational datasets and found that PEARLM achieved the highest utility, while PGRP 
outperformed in diversity. Future work can improve KG completeness via automated ontology 
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refinement for PEARLM. Following this, Y. Liu et al. (2024) investigated the role of machine learn-
ing in digitized physical education learning (DPEL) focused on student engagement and performance 
assessment. The study aimed to develop an intelligent feedback system to enhance DPEL outcomes. 
They employed a mixed-method approach to the proposed Student Engagement Learning and Feed-
back System (SELFS), integrating machine learning and natural language processing to predict low 
engagement. The results indicated a strong correlation between dwell time and visit frequency (ρ = 
0.835) and 81.25% accuracy. Table 9 summarizes key studies on the advancement of recommender 
systems in education, highlighting personalized learning, adaptive content delivery, and learner en-
gagement strategies. 

Collectively, the literature indicates that the field of educational recommender systems is maturing, 
with hybrid methods, knowledge graphs, and neural networks significantly increasing accuracy and 
learner satisfaction. However, three convergent gaps remain unresolved that compromise the equity 
potential of this technical progress: systematic gender blindness in learner profiling, evaluation met-
rics that prioritize mathematical accuracy over long-term empowerment, and an ‘infrastructure-first’ 
design that marginalizes learners in low-bandwidth regions (Askari et al., 2022; Pasha, 2024; Zulfiqar 
& Kuskoff, 2024). Most critically, current systems fail to account for ‘time fragmentation’ – the non-
linear study patterns necessitated by women’s domestic responsibilities. This major unresolved gap 
provides a direct justification for the Awareness and Training Modules in the SHELF framework, 
which use 10-15-minute micro-learning sessions rather than presupposing long, uninterrupted blocks 
of study time. Furthermore, the systematic failure of existing systems to address socio-cultural barri-
ers justifies SHELF’s integration of multimedia-based content and gender-sensitive variables, ensur-
ing the framework serves not just as a technical tool, but as a context-aware intervention for 
women’s educational empowerment. 

Table 9. Summary of advancements in recommender systems in education 

Reference Model/ 
methodology Dataset Accuracy/ 

results Limitations Future  
work 

(Urdaneta-Ponte 
et al., 2021) 

Collaborative, 
hybrid, 
content-
based, 
machine 
learning  

98 articles 
from IEEE, 
ACM, 
Scopus, and 
WOS 

59% targeted 
formal education: 
ML adoption 
increased  

76% studies 
lack plat-
form imple-
mentation 
details  

Broder’s 
educational 
levels and real-
world 
validations  

(Y. Zhou et al., 
2025) 

Graph Atten-
tion Network 
(GAT) 

70000 
primary and 
secondary 
students and 
8000 teachers 
in Western 
China  

90% accuracy in 
teaching quality, 
HR personalized 
recommendation 
0.90 ± 0.015 

Issue in 
ensuring 
real-time 
scalability  

Integrate 
lightweight AI 
model with edge 
computing for a 
recommendation 
mechanism  

(J. Zhang et al., 
2023) 

Hybrid model 
(Content-
based, CF, 
Hybrid model, 
deep learning) 

University 
course data 

CF:98% accuracy, 
Hybrid:82% cov-
erage  

High 
computa-
tional cost 
and sparsity 
sensitivity  

Enhance deep 
learning 
efficiency and 
address sparsity 
issues  

(Veeramanickam 
et al., 2023) 

Case-Based 
Reasoning 
STS with IOT 

500-1600 
students 
across 
different 
subjects  

Quiz improve-
ment from 
43.67% to 75.32% 

Higher 
RMSE for 
larger group; 
limited to 
specific 
learning 
resources  

Expand it to 
diverse 
resources  
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Reference Model/ 
methodology Dataset Accuracy/ 

results Limitations Future  
work 

(P. Zhang & 
Zhang, 2024) SVM+TLBO 297 students’ 

survey 

Outperformed 
predictive perfor-
mance 

Limited size 
of the 
dataset 

Extend SVM 
+TLBO to 
analyze gender 
barriers in the 
education 
sectors 

(Y. Liu et al., 
2024) 

Random for-
est prediction, 
EM clustering  

64 under-
graduate stu-
dents  

81.25% prediction 
accuracy, RMSE 
= 2.06  

Short-term 
study, small 
dataset  

Expand the 
sample into a 
large dataset  

(Renţea et al., 
2025) 

Controlled 
experiment  

40 CS 
students 
(grouped into 
20) 

PCA: 
p=0.0032(M=0.52 
VS 0.32) 

Self-re-
ported quali-
tative data  

Refine real-time 
feedback 

(Afreen et al., 
2025) 

PEARLM 
(Generative) 

COCO, 
MOOPer, 
MOOCube 

NDCG: 0.41 
(COCO), 0.60 
(MOOPer), 0.39 
(MOOCube) 
310% higher 
NDCG vs. best 
baseline (BPRFM) 

Susceptible 
to hallucina-
tion (though 
less than 
PLM); relies 
on KG 
complete-
ness 

Improve adapta-
bility to diverse 
data  

(Assegie et al., 
2024) SVM+RF Portuguese 

SGS datasets 

An accuracy rate 
of 75.72% 
achieved  

Perfor-
mance 
dependency 
on the 
dataset  

Explore social 
behavioral fac-
tors that affect 
women learners 

(Cai & Liu, 
2024) 

Squirrel AI 
(Adaptive 
Learning Sys-
tem) 

K12 student 
data 

Improved 
learning efficiency 

Reliance on 
AI/data, pri-
vacy risks 

Enhance AI pre-
cision, integrate 
emotional/moti-
vational factors 

(Kinol et al., 
2023) 

AlexNet+Lin-
ear Regression  

Women’s 
education 
data for post-
independence  

84.22% accuracy 
(AlexNet) 

External val-
idations lim-
ited  

Incorporate 
non-linear 
models  

(Askari et al., 
2022) 

Qualitative 
Literature Re-
view  

Pakistan de-
mographics 
and academic 
reports  

Urban female 
literacy 80%, 
rural:20%  

Reliance on 
secondary 
data  

Localized 
interventions  

PROPOSED CONCEPTUAL FRAMEWORK  
The proposed framework, SHELF (Figure 5), is an ensemble framework designed to directly address 
the limitations and gaps identified across the 50 reviewed studies. The core objective of this frame-
work is to promote personalized, equitable, and scalable learning with a special focus on empowering 
women in education. Each component of the framework is grounded in the evidence synthesized in 
the literature review. The gender-sensitive input layer responds to the finding that no existing system 
collects household responsibilities, time availability, or socio-economic constraints as profiling varia-
bles (Askari et al., 2022; Pasha, 2024; Zulfiqar & Kuskoff, 2024). The lightweight, low-bandwidth ar-
chitecture responds to evidence that device and connectivity constraints disproportionately exclude 
rural women (Cai & Liu, 2024; Renţea et al., 2025). The embedded XAI transparency layer directly 
addresses the critical finding that only 4% of reviewed studies address explainability directions 
(Ahmadian Yazdi et al., 2024; Benhamdi et al., 2017). The ensemble AI engine, which combines col-
laborative filtering, content-based filtering, and reinforcement learning, responds to evidence that 
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hybrid systems consistently outperform single-method approaches while reducing data sparsity 
(Benhamdi et al., 2017; Dhar & Jodder, 2020; X. Zhou et al., 2025). Finally, the real-time feedback 
and assessment module addresses the recurring limitation of static models that cannot adapt to 
women’s changing learning contexts (Ahmadian Yazdi et al., 2024; Cai & Liu, 2024). The hybrid AI 
model guides women through structured learning pathways, providing continuous performance feed-
back to promote inclusiveness in recommendations and embed transparency and fairness through-
out, counter algorithmic bias, and build learner trust. 

INPUT LAYER 
This layer gathers all data comprehensively and serves as a foundation. It consists of two components: 
the user and data foundation layers. 

User layer  
In addition to standard demographic variables, the user profile captures time availability per day (ac-
counting for domestic responsibilities); preferred learning modality (audio/visual/text based on liter-
acy level); device type and connectivity tier; language preference, including regional dialect, household 
income bracket (for content cost filtering); and social permission level (degree of family/community 
support for education). These variables are absent from all reviewed recommendation systems and 
are designed specifically to represent the lived constraints of women learners in marginalized settings. 

Data foundation layer  
This component serves as the system’s knowledge repository, storing learner profile data, educational 
trends, and external data feeds. 

ENSEMBLE AI ENGINE  
Awareness module 
For new learners with limited prior exposure to digital education, this module provides culturally 
adapted onboarding content in local languages, uses female role models and locally relevant success 
narratives, and sets initial expectations that are achievable within time-fragmented learning schedules, 
like micro-sessions of 10–15 minutes rather than hour-long blocks. 

Training module 
This module, called the instructional component, aims to deliver personalized, adaptive lessons 
through virtual memory support, with his explanation and motivation. The goal of this module is to 
produce knowledge gain and confidence in the path. 

Skill development 
This module uses training progress and learner goals to translate theoretical knowledge into hands-on 
ability. It provides hands-on coding tasks and evaluates learners’ performance to unlock advanced 
challenges. This module results in verified coding skills and a project portfolio. 

Recommendation system 
This module acts as a long-term strategic guide for learners by analyzing performance and engage-
ment to recommend more effective learning. Pathways created a roadmap for microlearning to main-
tain student momentum and advanced topics to accelerate growth in specific fields of learning. 

Feedback & assessment module  
This component formalizes the evaluation process. It logs mission evaluation and interaction data to 
perform auto-assessment and detect gaps. After evaluation, it provides more directions to failure and, 
if mastery is achieved, it validates the skill. 
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Figure 5. Proposed conceptual framework for SHELF 
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PLATFORM OUTPUT LAYER 
The Holistic Dashboard is a central hub for learners. It displays all the personalized elements gener-
ated by the AI engine, having an interactive introduction, adaptive lessons, verified coding skills, a 
personalized learning roadmap, and performance analytics.   

CONTINUOUS LEARNING LOOP 
This loop continuously refines the AI model by collecting performance analytics from the platform’s 
output. It analyzes reports and skills gaps across the entire user base and refines the model. The final 
output is an updated system for all learners, making the platform more accurate and supportive with 
every cycle. 

This model will benefit female learners through context-sensitive data, local-language support, and 
privacy, and will also provide data-driven decision support for curriculum design in institutions. Ad-
ditionally, it provides a blueprint for AI deployment in education to promote educational equity and 
support women’s empowerment through learning. 

To provide a clear link between our empirical findings and the proposed architecture, Table 10 sum-
marizes how the SHELF framework addresses the specific gaps identified in the analysis of studies. 
This mapping ensures that every design component is grounded in evidence rather than speculative 
reasoning, directly addressing the technical and socio-cultural barriers faced by women learners. As 
illustrated in the mapping, the SHELF framework transitions from a one-size-fits-all approach to a 
context-aware model. By operationalizing these design imperatives, the framework serves not only as 
a technical tool but also as a socially responsive intervention for educational equity. 

Table 10. Mapping of empirical evidence to SHELF design components 

Empirical gap 
identified in analysis 

Supporting evidence 
(citations) 

Corresponding 
SHELF component 

Structural Exclusion: High 
bandwidth and modern device 
requirements. 

Cai and Liu (2024); Renţea 
et al. (2025) 

Architectural Logic: Low-bandwidth, 
offline-first adaptive engine. 

Time Fragmentation: Ignoring 
domestic duties and non-linear paths. 

Pasha (2024); Zulfiqar and 
Kuskoff (2024) 

Awareness & Training Modules: 10–
15-minute micro-learning sessions. 

Gender-Blind Profiling: Lack of so-
cio-cultural variables in AI models. 

Mohd Talib et al. (2023); 
Askari et al. (2022) 

Input Layer (User Layer): Gender-
sensitive profiling variables. 

Transparency Gap: Lack of XAI for 
low-literacy users. 

Khosravi et al. (2022); Saqr 
and López-Pernas (2024) 

Embedded XAI Layer: Contextual 
and local language explanations. 

Static Feedback: Failure to adapt to 
changing learner contexts. 

Ahmadian Yazdi et al. 
(2024); Bagunaid et al. 
(2022) 

Continuous Learning Loop: Real-
time performance analytics & model 
refinement. 

ANSWERS TO RESEARCH QUESTIONS 
This study examined the role of AI-based recommendation systems in education by analyzing 50 re-
search papers. The study explored how AI technologies are currently utilized, their limitations, and 
future directions to support equitable education, especially for women in marginalized contexts. This 
section directly addresses the research questions within the broader context of existing literature. 

For RQ1, the literature highlighted the growing demand for personalized educational content. Stud-
ies have shown that recommendation systems improve learning outcomes by providing learners with 
content based on their individual preferences (Urdaneta-Ponte et al., 2021), cognitive style (Weber et 
al., 2022), and prior performance. Despite these benefits, the costs of transparency, fairness (Gloer-
feld et al., 2020), and bias in algorithmic decisions create ethical concerns when learners do not fully 
understand or trust systems’ choices. To overcome these shortcomings, AI-based recommendation 
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systems need to incorporate explainability frameworks that enable users to understand how recom-
mendations are made. Moreover, algorithms that are sensitive to fairness must be implemented at the 
architectural level to identify and counter bias across user groups. Thus, to design an effective sys-
tem, a transition towards ethically based architectures that reconcile personalization with transpar-
ency and fairness must be made. This understanding directly guides the addition of explainability and 
fairness features to the framework proposed. 

RQ2 focuses on methodologies to improve the adaptability and scalability of education systems for 
women. As the learning context varied, scalability and adaptability remained technical bottlenecks in 
the adoption of recommendation systems. AI recommendation systems enhance learning outcomes 
by tailoring content to personal preferences, cognitive styles, and prior results (Urdaneta-Ponte et al., 
2021; Weber et al., 2022). But ethical issues arise when decisions are not made transparently, and 
learners are unable to comprehend or have confidence in system selections (Gloerfeld et al., 2020). 
Existing systems prioritize personalization at the expense of transparency. Architectural-level fair-
ness-conscious algorithms and explainable AI (XAI) mechanisms remain underrepresented, leaving 
current methodologies ill-suited for real-world implementation across a variety of educational set-
tings. To be adaptable, systems should include context-aware modeling that accounts for environ-
mental constraints, such as connectivity and device limitations, as well as user behavior patterns. Ef-
fective systems require a transition toward ethically grounded architectures that reconcile accuracy 
with interpretability, as reflected in the proposed framework (SHELF). 

RQ3 is central to this review contribution. The nature of recommendation systems has to shift to 
fundamentally alter their strategy, as gender ceases to be a demographic filter and becomes a design 
variable, directly integrating socio-cultural constraints into each level of the system. Evidence in this 
review records five distinct challenges that are part of the current systems being systematically over-
looked: household roles that divide available educational time (Pasha, 2024); income dependency in 
which household income predicts access to education better than ability; socio-cultural constraints 
such as the need to seek family permission and limited mobility (Askari et al., 2022); a digital literacy 
gap with rural female literacy rates of five key features of design are required to overcome these barri-
ers and, therefore, recommendation systems need to have them.  

To begin with, time-conscious scheduling enables students to define how much time they have each 
day (between 15 minutes and several hours), and the system will suggest micro-learning units that can 
be accommodated within those limits, rather than presupposing continuous study periods. Second, 
income-sensitive filtering marks data-cost resources and considers offline or low-bandwidth options 
to learners in lower-income households. Third, permission-aware design adds optional private mode 
settings with no notifications and stealth learning features to situations where family/community per-
mission to learn is conditional or limited. Fourth, multimodal content delivery offers audio-first and 
visual-first options in addition to more traditional text, and supports regional dialects rather than as-
suming standard language knowledge or text literacy. Fifth, the flexible learning pathways provide 
pause and resume without penalty and permit learners to adjust the pathway’s intensity based on life 
situations, since women can have more or less time to learn depending on household, harvest, or 
family needs. Importantly, these properties cannot be optional extensions to the system architecture; 
they have to be core. These needs are operationalized in the proposed SHELF framework through 
its gender-sensitive input layer, which directly measures variables unaddressed by all the analyzed sys-
tems: time availability per day (measured by a sliding scale during onboarding), household responsi-
bility load (modeled by the number of dependents and self-reported busyness), type of device and 
connection level, income bracket to content cost filter, social permission level (self-reported These 
variables can be modeled as first-class inputs instead of optional metadata, allowing recommendation 
systems to dynamically adapt to realities of women learners in underserved areas, turning them into 
technically functioning but contextually unfitting instruments into actually helpful educational collab-
orators. 
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RECOMMENDATIONS 
Based on the findings and discussion above, the following recommendations are proposed for re-
searchers and practitioners to inform future research and system engineering. These suggestions will 
promote equity, scalability, and inclusivity, especially among women learners in low-resource settings. 

INTEGRATE ALGORITHMIC FAIRNESS AND GENDER-AWARE 
PERSONALIZATION 
AI-based recommendation systems must also include fairness-aware algorithms and explicitly address 
gender-specific factors, such as time, device availability, and socio-economic factors. The literature 
has already shown that deep learning models can effectively predict women’s educational outcomes; 
however, economic and cultural factors are not adequately addressed in existing AI systems (Askari 
et al., 2022; Kinol et al., 2023). To achieve fair results, systems must go beyond general customization 
and implement context-sensitive recommendation practices that are responsive to the realities of 
women learners. Moreover, it is necessary to incorporate explainable AI (XAI) mechanisms to en-
hance transparency, build user trust, and enable informed decision-making. 

DESIGN FOR LOW-RESOURCE AND DIVERSE EDUCATIONAL CONTEXT 
Recommendation systems need to be low-bandwidth-friendly and engineered to work under poor 
connectivity and infrastructure. This involves creating lightweight architectures, providing offline ac-
cess, and adapting localized content through linguistic and socio-cultural customization (Assegie et 
al., 2024). These design considerations play a significant role in enhancing accessibility and scalability 
in underserved and rural areas. 

HYBRID AI MODELS WITH REAL-TIME FEEDBACK MECHANISM 
LightGCN and knowledge graphs are used to overcome data noise and sparsity (Afreen et al., 2025; 
X. Zhou et al., 2025). Next-generation systems must leverage hybrid AI techniques, including collab-
orative filtering, content-based filtering, and knowledge-based approaches, to improve recommenda-
tion quality and reduce data sparsity. Moreover, the provision of real-time feedback and adaptive 
learning mechanisms can facilitate consistent system enhancements and individualized learning adap-
tation. This proves advantageous, especially for women learners who need flexible learning directions 
due to competing tasks.  

CAREER ALIGNMENT AND SOCIAL LEARNING OPPORTUNITIES  
Recommendation systems must be able to go beyond academic content to provide career-related ad-
vice and skill-building. The motivation and engagement of learners can be improved with the integra-
tion of AI-driven mentorship, career suggestions, and peer learning networks. These characteristics 
may empower women by aligning educational opportunities with work and future objectives. All 
these suggestions point to the necessity of AI-based educational systems that are not merely techni-
cally efficient but also fair, contextual, and socially-responsive. Future systems can be designed to 
better serve women learners by incorporating equity, flexibility, and user-friendliness to help alleviate 
educational disparities. 

CONCLUSION  
This paper makes an evidence-based contribution to the field of AI in education by systematically re-
viewing and critically analyzing 50 studies on AI-based recommendation systems, with a particular 
focus on personalization, fairness, and gender inclusion. It identifies key challenges, methodological 
gaps, and limitations in existing systems, especially in addressing the educational needs of women in 
low-resource and marginalized contexts. The results of a methodical review of literature published in 
2015-2025 indicate that the field has achieved significant technical progress in personalized learning 
systems, but it still falls short on three key equity aspects: algorithmic transparency, gender-sensitive 
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personalization, and the potential for scaling in low-resource contexts. These are not marginal gaps 
but constitute the core of inclusion or exclusion of AI-based educational systems. The unique value 
of the proposed hybrid AI framework SHELF is not the innovation of the specific techniques used, 
e.g., hybrid recommenders, collaborative filtering, or ensemble methods, but the logic behind it.  

All parts of the framework are clearly grounded in the empirically identified gaps, and its gender-sen-
sitive adaptations are grounded in the recorded socio-cultural limitations. Moreover, considerations 
of fairness are integrated into the architecture rather than treated as an optional improvement. In this 
regard, the framework transcends by applying a gender lens to current systems; it transforms the 
functional aim of AI-powered educational platforms for learners exposed to structural imbalances. 
Practically, the study has several implications. Equity-oriented evaluation criteria must be included 
with traditional performance metrics by policymakers and educational institutions in low-resource 
settings, and gender-disaggregated reporting must be required in AI-enabled educational systems. Ed-
ucational designers must abandon the concept of generic personalization in favor of context-sensitive 
solutions that overcome time limitations, connectivity issues, and socio-cultural impediments. The 
small sample of explainability (4% of the studies reviewed) is a serious gap in research, as researchers 
in AI believe they must provide clear and open AI models that can be easily comprehended and 
trusted by various user populations, and even those with low literacy levels. 

Although the suggested framework has a good conceptual background, it needs empirical testing. 
Further studies must focus on: (1) pilot applications in different low-resource contexts to evaluate 
the extent to which the research methodology is applicable; (2) constructing equity-grounded 
measures of performance, which can be used alongside the conventional measures of accuracy; and 
(3) longitudinal studies on the educational and socio-economic outcomes in the long-term regarding 
women learners using gender-adaptive systems. To sum up, AI-based education technologies are at a 
crossroads. Even though they have shown promise to revolutionize learning outcomes, their effect 
will be minimal -and even have the opposite effect as they increase inequalities- unless equity is de-
signed as an essential design element. The framework proposed in this paper is one such step in this 
direction, and it calls for the use of AI systems that not only work within the current inequalities but 
also help eliminate them. 
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