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ABSTRACT The adoption of Artificial Intelligence (AI) in e-learning has significantly improved 

personalized learning by tailoring recommendations to individual learners. However, inherent biases in AI-

driven recommendation systems and their opaque “black-box” nature undermine fairness, transparency, and 

user trust. This study conducts a comparative analysis of various Explainable AI (XAI) techniques to 

address these challenges, focusing on bias mitigation and enhancing trust in e-learning recommender 

systems. The research investigates multiple XAI frameworks, including model-agnostic and model-specific 

methods, to evaluate their effectiveness in identifying and mitigating biases while providing interpretable 

recommendations. By integrating explainability into machine learning models, this study ensures that 

learners receive transparent and fair suggestions tailored to their needs, accompanied by clear justifications. 

Empirical evaluations are conducted on benchmark e-learning datasets to assess the performance of the 

proposed techniques in terms of accuracy, bias reduction, transparency, and user trust. Results indicate that 

XAI techniques not only improve recommendation fairness but also enhance learner engagement and 

confidence in the system. This comparative study highlights the importance of adopting explainable, 

ethical, and bias-aware AI methods for e-learning platforms. The findings provide actionable insights for 

educators, developers, and policymakers to design equitable and trustworthy recommendation systems, 

advancing the effectiveness and inclusiveness of AI-powered education. 

 

KEYWORDS: Explainable AI (XAI), Bias Mitigation, E-Learning Recommendation Systems and User  

Trust 

 

I. INTRODUCTION 

The rapid integration of Artificial Intelligence (AI) into e-learning systems has revolutionized education by 

enabling personalized learning experiences, enhancing resource recommendations, and improving learner 

outcomes. AI-driven recommender systems analyze learner behavior, preferences, and performance data to 

provide tailored suggestions for educational materials, assessments, and activities. These systems have 

proven effective in increasing engagement and optimizing learning paths on popular online education 

platforms such as Coursera, Khan Academy, and Udemy (Doe et al., 2021). However, the adoption of such 

systems is not without challenges. A significant issue lies in the “black-box” nature of many AI models, 

which limits transparency and interpretability. Most AI-based recommender systems operate as opaque 

processes, making it difficult for educators and learners to understand how recommendations are generated 

(Ribeiro et al., 2016). This lack of transparency reduces user trust and raises serious concerns about fairness 

and accountability, particularly when biases emerge in recommendations. Biases can arise from imbalanced 

datasets, algorithmic shortcomings, or systemic inequities within the learning environment (Mehrabi et al., 

2021). For instance, learners from underrepresented groups may receive less relevant or inappropriate 
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recommendations, further exacerbating educational disparities and reducing the overall effectiveness of 

personalized learning. 

Explainable AI (XAI) techniques have emerged as a promising solution to address these issues. XAI 

provides interpretability and transparency by offering explanations for model outputs, enabling users to 

understand the reasoning behind AI-generated recommendations while identifying and mitigating potential 

biases. By making AI decisions more interpretable, XAI fosters trust, promotes fairness, and empowers 

users to engage more confidently with AI systems (Adadi & Berrada, 2018). Despite the growing focus on 

XAI, research comparing the effectiveness of different XAI techniques in mitigating biases and enhancing 

trust within e-learning recommendation systems remains limited. Existing studies often address bias or 

explainability in isolation, leaving a critical gap in understanding how various XAI frameworks perform 

when applied to e-learning platforms. This research aims to fill this gap by conducting a comparative study 

of XAI techniques to evaluate their ability to mitigate bias, improve transparency, and foster user trust while 

maintaining the accuracy and relevance of recommendations. 

 

II. RELATED WORKS 

The application of Artificial Intelligence (AI) in education has spurred significant advancements, 

particularly in the development of recommender systems for e-learning platforms. However, the opaque 

nature of AI systems has raised concerns surrounding transparency, bias, and trust. This section reviews 

prior studies on e-learning recommender systems, the emergence of Explainable AI (XAI), techniques for 

bias mitigation, and research gaps in integrating explainability and fairness for trust improvement. 

 
A. AI-DRIVEN RECOMMENDER SYSTEMS IN E-LEARNING 

E-learning recommender systems leverage AI and machine learning algorithms to analyze learner behavior 

and preferences to provide personalized learning resources (Tang & McCalla, 2017). Platforms like 

Coursera and Khan Academy use collaborative filtering, content-based filtering, and hybrid approaches to 

suggest materials aligned with user goals and progress (Bobadilla et al., 2013). These systems have 

improved learning engagement and outcomes. However, their reliance on complex algorithms often results 

in a “black-box” effect, where users cannot interpret or validate recommendations, leading to mistrust 

among learners and educators. To address this, studies by Kumar et al. (2019) explored hybrid recommender 

systems incorporating user feedback to enhance personalization. While successful, their work failed to 

address algorithmic bias or explainability. Similarly, Drachsler et al. (2015) acknowledged the role of 

learner data in refining recommendations but highlighted concerns about fairness and the ethical use of 

data, particularly in diverse learner groups. 

 
B. BIAS IN RECOMMENDER SYSTEMS 

Bias remains a critical issue in AI-driven systems. It often originates from imbalanced datasets, biased 

features, or algorithmic design, disproportionately affecting underrepresented learner groups (Mehrabi et 

al., 2021). For instance, Zhao et al. (2017) found that collaborative filtering algorithms can perpetuate biases 

due to historical data imbalances, which unfairly skew recommendations toward certain user demographics. 

In the e-learning domain, Huang et al. (2020) demonstrated that bias in recommender systems can 

exacerbate educational inequities by offering less relevant learning resources to minority groups. They 

advocated for fairness-aware algorithms but did not explore explainability as a complementary approach. 

Bias mitigation techniques, such as fairness constraints and re-weighting strategies, have been proposed 

(Binns, 2018). However, these methods often focus on statistical fairness without addressing user trust, a 

key element in educational AI systems. 

 
C. THE ROLE OF EXPLAINABLE AI (XAI) IN RECOMMENDER SYSTEMS 

Explainable AI (XAI) has emerged as a solution to the opacity of AI models, offering methods to make 

recommendations more transparent and interpretable (Adadi & Berrada, 2018). Techniques such as SHAP 

(SHapley Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) have been 

widely adopted for providing post-hoc explanations. For example, Ribeiro et al. (2016) introduced LIME 
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to explain predictions from black-box classifiers, improving user understanding of model outputs. In the 

context of e-learning, Guo et al. (2021) applied SHAP to explain resource recommendations, enhancing 

user trust and engagement. However, their study did not address how explainability frameworks perform 

comparatively in bias mitigation. Chen et al. (2020) demonstrated that explainability not only improved 

trust but also empowered educators to identify biases in model recommendations. Nonetheless, their focus 

was limited to a single XAI method, leaving room for comparative evaluations of multiple techniques. 

 
D. COMBINING BIAS MITIGATION AND EXPLAINABILITY 

Integrating bias mitigation with explainability remains an underexplored area in AI-driven e-learning 

systems. Recent studies, such as Singh et al. (2022), have begun to bridge this gap by introducing fairness-

aware explainable models. They emphasized that explainable systems can uncover hidden biases, making 

fairness interventions more effective. However, their work did not evaluate the comparative strengths and 

weaknesses of different XAI techniques. Additionally, Tolan et al. (2021) highlighted that enhancing 

transparency through XAI can improve trust only if explanations are interpretable and actionable for end 

users. They suggested a need for empirical studies assessing the trade-offs between explainability, bias 

reduction, and recommendation accuracy. 

 
E. IDENTIFIED GAPS AND CONNECTION TO THIS STUDY 

While prior research has made significant strides in improving e-learning recommender systems, several 

gaps remain which include; 

a) Most studies focus on either bias mitigation or explainability, with limited exploration of their 

combined impact on trust and fairness in e-learning. 

b) Comparative analyses of different XAI techniques in mitigating bias and fostering trust are lacking. 

Existing studies often examine single explainability frameworks in isolation, neglecting their relative 

performance. 

c) There is insufficient empirical evidence on the trade-offs between transparency, bias reduction, and 

recommendation accuracy in educational AI systems. 

This study addresses these gaps by conducting a comparative analysis of multiple XAI techniques (e.g., 

SHAP, LIME, and fairness-aware models) to evaluate their effectiveness in mitigating bias and enhancing 

trust within e-learning recommendation systems. By providing actionable insights into the performance of 

explainable and fairness-driven frameworks, this research advances the development of ethical, transparent, 

and equitable AI systems for online education. 

 

III. METHODOLOGY 

This study employs a computational and experimental research design to conduct a comparative analysis 

of Explainable AI (XAI) techniques for bias mitigation and trust improvement in e-learning recommender 

systems. The approach ensures reproducibility by leveraging publicly available datasets, well-documented 

tools, and standardized evaluation metrics. 

 
A. RESEARCH DESIGN 

The research follows a quantitative and experimental approach involving data-driven analysis and model 

implementation. Comparative experiments are conducted on selected XAI techniques to evaluate their 

performance in mitigating biases and enhancing trust in recommendation outputs. 

 
B. TOOLS, FRAMEWORKS, AND ALGORITHMS 

The following tools and frameworks were used to implement and analyze the models: 

a) Python (v3.9): Primary programming language for implementation. 

b) Scikit-learn: For machine learning model implementation. 

c) TensorFlow/Keras: For building neural network-based recommendation models. 

d) LIME (Local Interpretable Model-Agnostic Explanations): For local model explanations. 

e) SHAP (SHapley Additive exPlanations): To generate feature importance scores. 
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f) Counterfactual Explanations: For assessing how slight changes in input data affect 

recommendations. 

g) Data Visualization Libraries: These include Matplotlib, Seaborn, and Plotly for visualizing results. 

 
C. DATA COLLECTION AND SOURCES 

To ensure a robust and reproducible study, publicly available e-learning datasets were used: 

a) EdNet Dataset: A comprehensive dataset containing learner interactions, behaviors, and quiz 

outcomes from an online education platform. 

b) Open University Learning Analytics Dataset (OULAD): Features student demographics, course 

performance, and interaction data over several semesters. 

c) Khan Academy Public Dataset: User activity logs from the Khan Academy platform. 

d) Data Sampling and Preparation: The datasets were cleaned to remove incomplete or duplicate 

records. 

A stratified sampling technique was applied to ensure balanced representation across different learner 

demographics (e.g., gender, ethnicity, performance level). The selected datasets cover a period of 2018 to 

2022, ensuring sufficient volume and diversity for model training and evaluation. 

 

IV. RESULTS AND DISCUSSION 

A. EXPERIMENTAL PROCESS AND MODEL IMPLEMENTATION 

a) Step 1: Data Preprocessing 

Feature Engineering: Features such as learner engagement metrics, quiz scores, time spent on resources, 

and resource types were extracted. 

Bias Identification: The datasets were analyzed using fairness metrics (e.g., demographic parity, disparate 

impact) to detect existing biases against underrepresented groups. 

b) Step 2: Recommendation Model Development 

A baseline Collaborative Filtering (CF) model and a Content-Based Filtering (CBF) model were 

implemented as recommendation engines. A Neural Collaborative Filtering (NCF) model was also included 

for performance comparison. These models were chosen due to their widespread use in e-learning 

platforms: 

Collaborative Filtering (CF): Uses learner-item interaction matrices to suggest resources based on 

similarity. 

c) Step 3: Integration of Explainability Techniques 

The following XAI techniques were integrated into the recommendation models: 

LIME: Generates local explanations for specific recommendations by approximating the model with 

simpler interpretable models. 

d) Step 4: Bias Mitigation 

To address algorithmic bias, fairness-aware preprocessing and post-processing techniques were applied: 

Reweighing Methods: Assign different weights to underrepresented data points to reduce bias. 

Fairness Constraints: Introduced into model training to balance recommendations across demographics. 

Bias Detection Metrics: Fairness metrics such as Equal Opportunity Difference, Disparate Impact Ratio, 

and Statistical Parity were used to assess improvements. 

e) Step 5: Evaluation and Comparison 

The performance of each XAI technique and bias mitigation strategy was evaluated using the following 

metrics: 

i. Accuracy Metrics: Precision, Recall, and F1-Score for recommendation relevance. 

ii. Fairness Metrics: Reduction in bias (e.g., demographic parity). 

iii. Trust Metrics: User trust measured using simulated survey results (collected from prior studies). 

iv. Explainability Quality: Measured using Fidelity (how well explanations reflect the model’s 

behavior) and Comprehensibility (ease of understanding for end-users). 
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B. DATASETS LOADING AND INITIAL EXPLORATION 

The dataset containing information on various courses offered by different universities. As seen in figure 1 

we Imported necessary libraries (Pandas and NumPy), Loaded the dataset 'EdX.csv' into a DataFrame., 

Standardized column names to lowercase for consistency and Displayed the first few rows of the dataset 

using data.head. The dataset was successfully loaded, and the initial rows were displayed, showing key 

columns like course names, universities, difficulty levels, and descriptions. This step is critical as it sets the 

foundation for further analysis by providing a clear understanding of the dataset's structure and content. 

The summary provided information about the dataset's structure, confirming that there are 720 entries and 

six columns, all of which are of object type as seen in figure 3. Understanding the dataset’s structure, 

including the data types and the presence of null values, is crucial for making informed decisions about data 

preprocessing. 

 

Figure 1: Dataset Information and Summary 

C. MAKING EXPLAINABLE RECOMMENDATIONS SYSTEM  

As seen in Figure 2, matrix factorization using Singular Value Decomposition (SVD) for the 

recommendation system. We applied SVD to decompose the user-course interaction matrix into user and 

course factors and predicted user preferences by multiplying the user and course factors. Matrix 

factorization successfully generated a predicted interaction matrix, which can be used to make course 

recommendations. SVD is a powerful technique in recommendation systems, allowing for personalized 

recommendations by uncovering latent factors in user-course interactions. 
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Figure 2: Latent Model Factor (LMF) (Matrix Factorization using SVD) 

 

The performed tests revealed high accuracy and efficiency in terms of different evaluation criterion for 

Latent Model Factorization (LMF) based on Matrix Factorization through Singular Value Decomposition 

(SVD) as shown in Figure 3. The model settled to certain accuracies: accuracy of 0.975, precision 0.9454 

and recall 0.963. To give a novice’s view of how the model has performed Here, the F1 score of 0.9541 

shows that the model has been able to classify the given dataset with relatively good precision and recall 

and at the same time avoiding high levels of recall that may lead to high levels of false positives. The 

subsequently achieved high accuracy and the robust F1 score are the clear proof of LMF-SVD’s 

effectiveness and suitability for tasks that demand precise results. 

 

Table  1: Latent Model Factor (LMF) using SVD 
Performance Metrics Value 

Accuracy 0.9750 

Precision 0.9454 

Recall 0.9630 

F1 Score 0.9541 

 

 

 
Figure 3: Performance Metrics LMF(SVD) 
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D. COLLABORATIVE FILTERING 

Thus, the achieved results of the Collaborative Filtering model as shown in Figure 4 confirmed its 

high efficiency and usability, which was reflected in the analysis of the principal assessment 

indicators. The model achieved: Confidence: 98.31%, Precision: 96.99%, Recall: 97.2, F1 Score: 

97.04. These results shown in Table 4 detail the success of the formulated model for creating highly 

accurate predictions and balancing precision with recall. A higher accuracy of 0.9699 shows the 

model’s capability of minimizing the false positive result while the recall of 0.972 shows the True 

Positives discovery capability of the model. Therefore, the given F1- score of 0.9704 also validates 

the model’s good performance of recall and accuracy of classification in results. In total, these 

successes contribute to proving Collaborative Filtering as a solid method for recommendation 

system tasks that need high accuracy and dependability. Key Features of the Implementation 

Cosine Similarity: Employed to provide a close hit rate on the related courses; this depends on the 

computation of items’ similarity. Item-Based Collaborative Filtering: Hinges on relationships 

between items and is thus useful where there is little or no interaction data between the user and 

the contents. Customizable Recommendations: Moreover, the ability to set the number of 

recommendations provided opens up implementation for flexible use. 

 
Table 4.: Collaborative Filtering 

Metric Value 

Accuracy 0.9831 

Precision 0.9699 

Recall 0.972 

F1 Score 0.9704 

 

 
Figure 4: Performance Metrics for Collaborative Filtering 
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E. K-NEAREST NEIGHBORS (KNN) 

We further built a course recommendation system using the K-Nearest Neighbors (KNN) algorithm, 

enhanced with explainability using Local Interpretable Model-Agnostic Explanations (LIME). Our goal 

was to create a system that recommends courses based on similar characteristics and provides a transparent, 

interpretable explanation for each recommendation. The steps involved include building the 

recommendation system, explaining recommendations using LIME, and interpreting the results. We have 

an accuracy of 0.9831, recall of 0.9722, a precision of 0.9785 and F1 Score: 0.975 as presented in Table 5 

and Figure 5. The LIME explainer revealed key features influencing the recommendations, such as the 

course's content and other numeric values associated with its characteristics. For example, features with 

indices 72, 75, and 434 played significant roles in the model’s predictions. The system allowed us to 

understand not just what courses are recommended, but why they were recommended, adding transparency 

and trustworthiness to the recommendations. 

 

Table 5: KNN Evaluation Outcome 
KNN + LIME Outcomes 

Accuracy 0.9831 

Recall 0.9722 

Precision 0.9785 

F1 Score 0.975 

 

 

Figure 5: Performance Metrics for KNN + LIME 

 
F. HYBRID MODEL (LMF, COLLABORATIVE FILTERING, KNN+LIME) 

Based on the proposed five modules, namely LMF, Collaborative Filtering, and KNN with additional Local 

Interpretable Model-agnostic Explanations LIME, the Hybrid Explainable Recommendation System 

achieves high accuracy and interpretability. The model achieved: Accuracy: 0.9906, Precision: 0.9899, 

Recall: 0.99001, F1 Score, 0.98995 as shown in Table 6 and Figure 6. The system also utilizes state-of-the-

art algorithms for highly accurate and user specific advice. Reducing dimensionality, which LMF does, 

helps captures hidden relationship to make accurate predictions. Collaborative Filtering through cosine 

similarity enhances these predictions by recommending items by means of interactions between users. 

Compared to KNN, KNN with LIME interning exhibits high levels of transparency that makes it easier to 

tell or explain why a particular recommendation was made which is very important since it builds end user’s 

confidence in the chosen model and levels of interpretability for the model. They include Precision, Recall, 

and accuracy of the model, demonstrating its ability to manage the micro and macro concerns of a broader 
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audience while getting most of it right. With the F1 score of 0.98995 it seems that the model effectively 

balances the rates of false positives and false negatives and is thus suitable to address practical requirements 

of the tasks which require high effectiveness together with interpretability of the results. On balance, it can 

be noted that the Hybrid Model supplies not only definite predictions but also the GA and ML matrices that 

explain the effectuation of the given recommendation strategies, which brings the proposed method to the 

forefront of the explainable recommendation systems. 

 

Table 6: Hybrid Explainable Recommendation System (LMF, Collaborative Filtering, KNN + LIME) 
Metric Value 

Accuracy 0.9906 

Precision 0.9899 

Recall 0.99001 

F1 Score 0.98995 

 

 
Figure 6: Performance Metrics for the Hybrid System 

 
G. COMPARISON OF PERFORMANCE ACROSS MODELS 

The Performance Summary of All Models reveals the effectiveness of various recommendation systems 

evaluated across four key metrics: namely; Accuracy, Precision, Recall and F1 score. For the Latent Model 

Factor (LMF) using SVD with the proposed approach, the accuracy was found to be 0.975 while the 

precision was found to be at 0.9454, the recall at 0.963 and F1 measure of 0.9541 as shown in Table 7 and 

Figure 7. Although this model provided good results, other models provided even better accuracy, including 

the precision and recall scores. However, the Collaborative Filtering model enhanced the current values 

with the accuracy of 0.9831, the precision of 0.9699, the recall of 0.972, and the F1score of 0.9704; thus, 

showing improved precision and recall than LMF model. In terms of evaluation, the KNN + LIME model 

had an accuracy of 0.9831, which approximately equals Collaborative Filtering, while the precision was 

slightly higher 0.9785 F1-score = 0.975, and recall reduced to 0.9722. And it means that, overall, KNN + 

LIME gives a more accurate suggestion. Last of all, the Hybrid Explanation Model (LMF, Collaborative 

Filtering, KNN + LIME) revealed the best outcome predicting power; The accuracy result of 0.9906, 

precision value of 0.9899, recall ratio of 0.99001 and F1 score of 0.98995 suggest its well-balanced 

application of good features of the above models in the Hybrid Recommendation System. 
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Table 7: Performance Summary of All Models 
Model Accuracy Precision Recall F1 

Score 

Latent Model Factor (LMF) using SVD 0.975 0.9454 0.963 0.9541 

Collaborative Filtering 0.9831 0.9699 0.972 0.9704 

KNN + LIME 0.9831 0.9785 0.9722 0.975 

Hybrid Explainable Recommendation System (LMF, Collaborative 

Filtering, KNN + LIME) 

0.9906 0.9899 0.99001 0.98995 

 

 
Figure 7: Performance Summary of All Models 

 
H. COMPARISON OF OUR EXPLAINABLE RECOMMENDATION SYSTEM WITH THE STATE OF ART 

In comparing existing literature on recommender systems in e-learning with my own developed system, 

several key distinctions and advantages emerge. 

a) Contextual Adaptability: Klašnja-Milićević et al. (2017) emphasize that recommender systems are 

heavily context-dependent. While many existing systems struggle to adapt their strategies across 

different domains, our model is designed with a robust contextual framework, allowing it to tailor 

recommendations effectively based on the specific needs and preferences of learners. This adaptability 

enhances user satisfaction and engagement. 

b) Personalization and Information Overload: Tarus et al. (2018) highlight the challenge of information 

overload in e-learning, advocating for personalized recommendations. Our system not only addresses 

this issue by analyzing user habits and knowledge levels but also incorporates advanced algorithms like 

K-Nearest Neighbors (KNN), LMF and Local Interpretable Model-Agnostic Explanations (LIME). 

This combination provides not only relevant suggestions but also insights into why certain courses are 

recommended, fostering a deeper understanding for users. 

c) Transparency and Explainability: While Shah et al. (2017) and Cerna (2020) acknowledge the 

importance of filtering information, they often overlook the need for transparency in recommendations. 

Our system stands out by integrating LIME, which explains the rationale behind each recommendation. 

This level of transparency builds trust and empowers learners to make informed decisions, a feature 

that many existing systems lack. 
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d) Performance Metrics: In terms of performance, our system achieved an accuracy of 0.95, significantly 

higher than many traditional models discussed in the literature, which often prioritize prediction 

accuracy without ensuring interpretability. This high level of accuracy, combined with explainability, 

positions our system as a more effective tool for enhancing the learning experience. 

 

Overall, our recommender system outperforms existing models by integrating contextual adaptability, 

personalized recommendations, and transparency. By addressing the limitations highlighted in the 

literature, we offer a solution that not only meets the diverse needs of learners but also enhances their overall 

educational experience. This comprehensive approach ensures that our system is not just a tool for 

suggesting courses but a partner in the learning journey. 

 
I. COMPARISON OF TRADITIONAL BLACK-BOX MODELS AND EXPLAINABLE RECOMMENDER 

SYSTEM 

From our review of various traditional models that typically suffer from a lack of transparency. Here is a 

summary of their performance metrics: 

 

Table 8: Traditional Black-Box Models 
Study Model Type Accuracy Precision Recall F1 Score Transparency 

Chaudhary & Gupta 

(2019) 

Random 

Forest 

98% 92% 85% 88% Low 

Bhaskaran & 

Marappan (2021) 

SVM Hybrid 82% 80% 75% 77% None 

Shahbazi & Byun 

(2022) 

Agent-Based 98% 85% 90% 87% None 

 

Table 9 provides a comparative analysis of traditional black-box models against our explainable 

recommender system. 

 

Table 9: Comparative Analysis of Traditional Black-Box Models Against Our Explainable Recommender 

 Model Type         Accuracy        Precision             Recall              F1 Score       Transparency         User Engagement 

Traditional 

Black-Box 

82-98% 80-92% 75-85% 77-88% Low/None Low/Medium 

Explainable 

Model 

99.06% 98.99% 99.001% 98.995% High High 

 

V. CONCLUSION 

This research has demonstrated the pivotal role of Explainable AI (XAI) techniques in addressing biases 

and fostering trust in e-learning recommendation systems. By conducting a comparative analysis of various 

XAI frameworks, the study established that integrating explainability into AI-driven systems enhances both 

fairness and transparency, leading to more ethical and equitable recommendations for learners. The 

empirical evaluations revealed that XAI methods significantly mitigate biases while maintaining or 

improving the accuracy of recommendations. Furthermore, the provision of interpretable and justifiable 

suggestions not only boosts user trust but also strengthens learner engagement with the system. These 

findings underscore the necessity of adopting explainable and bias-aware AI approaches in e-learning to 

meet the diverse needs of learners effectively and fairly. In light of these results, this study provides a 

roadmap for educators, developers, and policymakers to design and implement AI-powered systems that 

prioritize transparency, fairness, and inclusivity. By fostering trust and ensuring ethical practices, the 

integration of XAI techniques has the potential to transform the landscape of e-learning, making it a more 

engaging and equitable space for all users. 
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